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Abstract - Whether early-career estimates of teacher effectiveness accurately predict later
performance is of key interest to those who advocate allowing more individuals to initially enter
the teaching profession, and then being more selective about who is allowed to remain. Clearly
an assumption underlying this idea is that one can infer to a reasonable degree how well a
teacher will perform over her career based on estimates of her early-career effectiveness; this in
turn presumes some degree of stability of job performance over time. In this paper we explore
the potential for using VAMs to estimate teacher performance. We find little evidence that the
variation of teacher effects change over teacher careers, but good evidence that prior year VAM
estimates of teacher job performance predict student achievement, even when there is a multiyear lag between the estimated teacher performance and the estimate of student achievement.
This finding suggests that VAM teacher effect estimates provide valuable information to
consider as a factor in making substantive personnel decisions.
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Using Teacher Effects Estimates for High-Stakes Personnel Decisions
Well over a decade into the standards movement, the idea of holding schools accountable

for results is now being pushed to a logical, if controversial, end point: the implementation of
policies aimed at holding individual teachers (not just schools) accountable for results. An idea
that has gained traction is the notion that some high-stakes personnel decisions ought to be based
more on estimates of teacher outputs than on paper credentials like certification and degree level.
Whether estimates of teacher effectiveness accurately predict later performance is of key interest
to those who advocate allowing more individuals to initially enter the teaching profession, and
then selectively retaining teachers based on observed performance (Hanushek, 2009; Gordon et
al., 2006). Clearly an assumption underlying this idea is that one can infer to a reasonable degree
how well a teacher will perform over her career based on estimates of her early-career
effectiveness; this in turn presumes some degree of stability of job performance over time.
The focus on teachers and the stability of their job performance is supported by three
important findings from teacher quality research. First, teacher quality, measured by value-added
models (VAMs), is the most important school-based factor when it comes to improving student
achievement. For example, Rivkin et al. (2005) and Rockoff (2004) estimate that a one standard
deviation increase in teacher quality raises student achievement in reading and math by about 10
percent of a standard deviation – an achievement effect that is on the same order of magnitude as
lowering class size by 10 to 13 students (Rivkin et al., 2005).1 Second, teacher quality appears to
be a highly variable commodity. Studies typically find that less than 10 percent of the variation
in teacher effectiveness can be attributed to readily observable credentials like degree and
experience levels (e.g. Aaronson et al., 2007; Goldhaber et al., 1999; Goldhaber and Hansen,

1

Other estimates of the effect size of teacher quality are even larger: Koedel and Betts (2007).
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2009; Koedel and Betts, 2007; Hanushek et al., 2005; McCaffrey et al., 2009).2 Third, while the
evidentiary base is thin, it appears that only a strikingly small percentage of teachers are ever
dismissed (or non-renewed) as a consequence of documented poor performance.3
But while focusing accountability on individual teacher performance may seem sensible,
it is easier said than done. Empirically derived estimates of teacher effectiveness (i.e. VAMs)
involve making some strong assumptions about the nature of student learning (Todd and Wolpin,
2003). It is not entirely clear, for example, how teacher value-added effect estimates are
influenced by the inclusion or exclusion of adjustments for differences in the backgrounds of a
teacher’s students, or the extent to which statisticians can adjust for the assignments of students
and teachers to particular classes (Ballou, 2005b; Ballou et al., 2004; McCaffrey et al., 2004;
Rothstein, 2009a). Moreover, researchers have shown that there is a substantial amount of
“noise” resulting from test measurement error or the luck of the draw in students that is
associated with measures of teacher effectiveness (we use the term “performance”
interchangeably with “effectiveness” throughout) (Goldhaber and Hansen, 2008; McCaffrey et
al., 2009).
In this paper we explore the potential for using VAM estimates as the primary criteria for
rewarding teachers with tenure. The impacts of such a policy depends on at least three things: the
distribution of teacher workforce quality over teacher careers; the stability of within-teacher job
performance; and the extent to which early-career job performance serves as a signal of

2

For example, new research shows that even with comprehensive information on teachers – including measures of
cognitive ability and content knowledge, personality traits, reported self-efficacy, and scores on teacher selection
instruments – researchers can only explain a small proportion of the variation in teacher effectiveness. Specifically,
Rockoff et al. (2008) find that the predicted value-added from a comprehensive set of teacher measures is just
over10 percent of the variance of the expected distribution of teacher effectiveness.
3
Few very tenured teachers are ever fired (The New Teacher Project, 2009). As an example, only 44 of over
100,000 Illinois’ tenured teachers were dismissed from 1991 to 1997 (Goldstein 2001).
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performance later in teacher careers. In this paper we present the results of an empirical
examination of these three issues.
Our findings are based on a unique dataset from North Carolina that allows us to match
students – who are tested in math and reading on an annual basis – to their individual teachers.
The relatively long panel (11 years) allows us to focus on fundamental issues about the nature
and stability of teacher performance that inform a wide array of teacher policies that rely on the
accuracy and stability of VAM job performance measures. We find statistically significant
relationships between teachers’ value-added effectiveness measures and the subsequent
achievement of students in their classes. This suggests that VAM teacher effectiveness estimates
provide information to policymakers that is relevant to consider for making personnel decisions
like tenure.

II.

Background: VAMs and the Stability of Individual Teacher Performance Estimates
There is a growing body of literature that examines the implications of using value-added

models (VAMs) in an attempt to identify causal impacts of schooling inputs, and indeed the
contribution that individual teachers make toward student learning gains (e.g. Ballou et al., 2004;
Kane and Staiger, 2008; Koedel and Betts, forthcoming; McCaffrey et al., 2004; Rothstein,
2009a, 2009b). Most of these studies focus on model specification and whether empirical
estimates of teacher effects are unbiased. In summary of these studies, VAM estimates of
teacher performance appear to be correlated with actual teacher quality, though it is not clear that
these estimates are unbiased. The presence and magnitude of any bias in VAM estimates is
largely beyond the scope of this study, though we do implement some robustness tests to address
the issue.
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More on point is the issue of intertemporal stability of estimated teacher effects, and only
a handful of studies have addressed the issue. Aaronson et al. (2007), Ballou (2005), and Koedel
and Betts (2007) all generate estimates of teacher quality from different data sets, using different
models, and using different numbers of years of observation to generate these estimates. The
authors then assess the stability of teacher rankings (using either quartiles or quintiles) over time,
and observe considerable numbers of teachers jumping between groups over time. In spite of the
divergence in their approaches, however, all of these authors reject the hypothesis that this
movement in rankings is purely random. This evidence suggests teacher quality is stable within
teachers, but fails to address whether this is perfectly stable or only partly stable.
One study that focuses on indentifying the stable component of teacher quality is
McCaffrey et al. (2009). The authors model VAM estimates as having three components: a
persistent component of teacher quality that is fixed for each teacher, a transitory component of
quality that is realized each year, and a random error term. Decomposing the variation in teacher
quality this way implies only the persistent component of quality will be stable over time, and
both the transitory component and the error are the noise in predicting future teacher
performance. Using a 5-year panel of data, the authors find the year-to-year correlation of
teacher effects of elementary school teachers in math ranges from 0.2 to 0.5 depending on model
specification. However, they also find that multi-year estimates are considerably more stable:
using a two-year average increase in the stability of estimates of a teacher's long-term average
effect by about 50 percent relative to a single year measure, and adding a third year increases the
stability by approximately an additional 20 percent.
McCaffrey et al. (2009) also devote a brief discussion to the implications of using
estimated teacher effect estimates in the context of making decisions about which teachers
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receive tenure.4 They estimate that if districts were to institute policies whereby teachers falling
in the bottom two quintiles of true effectiveness were precluded from receiving tenure, then the
average effectiveness level of the teacher workforce would increase by about 4 percent of a
standard deviation of student achievement on standardized tests. Moreover, the overall
improvement, which they deem to be small, is little affected by the fact that teacher effects are
measured with error. For example, were the tenure decision to be based on a two year average of
estimated teacher effectiveness the effectiveness level of the workforce would improve by
slightly less, about 3 percent of a standard deviation.
It is important to note, however, that McCaffrey et al.’s (2009) estimates on the teacher
workforce are based on three-component model described above.5 Analysis from Goldhaber and
Hansen (2009), however, suggests this model may be misspecified. Using data from elementary
teachers in North Carolina, they show teacher effectiveness estimates have a “long memory”
when correlating estimates across increasing intervals—the observed decay in the correlation
coefficients is significantly slower than geometric decay from a random walk and rejects the
hypothesis of no decay (this no-decay hypothesis is the approach McCaffrey et al. use).
Goldhaber and Hansen instead adopt a model in which teacher quality is composed of a
persistent component, an auto-regressive transient component, and a random error term. While
this is only a small change in the model, it is an important change as it allows for teacher quality
to change within teachers in ways that are consistent with the observed path of teacher quality
estimates over time. Specifically, it allows time-specific innovations in teacher quality (through
professional development, productive effort, etc.) to persist into future time periods; however,
4

Note that most of this discussion is in their technical appendix.
McCaffrey et al. (2009) note an attempt to model changes in teacher effectiveness over time with a drift
component (i.e. teacher quality has a component that shifts with some variation from year to year rather than staying
constant over time), and report the data fit the constant model better. They, however, do not report correlations on
teacher effectiveness measures between larger intervals other than adjacent years—which would reveal whether that
assumption of the model is valid.
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the magnitude of the effect gets progressively smaller with time. We address this further in the
following sections.
On balance, the results from the above studies indicate that teacher quality estimates
show some degree of persistence from year to year, but hardly an overwhelming amount, and it
is unclear the degree to which the estimates may be contaminated by the inability of VAMs to
fully account for the match between teachers and students. As we describe below, we have a
much longer panel of matched teacher and student data than has previously been used for
analyses of VAMs. This longer panel allows us to investigate the changes in the stability of
teacher estimates over a longer time frame, assess the stability of multiple year estimates of
teacher effects, and examine the degree to which early career estimates of teacher effects predict
the achievement of students taught later in a teacher’s career, specifically pre- and post-tenure.
All of these investigations inform the feasibility of using VAM estimates in making tenure
decisions for public school teachers.

III.

Data and Analytic Approach

A.

Data
In order to assess the stability of estimated teacher performance over time, it is necessary

to have data that links students to their teachers and tracks them longitudinally. The data we
utilize is collected by the North Carolina Department of Public Instruction (NCDPI) and
managed by Duke University’s North Carolina Education Research Data Center (NCERDC).
These data, based on administrative records of all teachers and students in North Carolina,
include information on student performance on standardized tests in math and reading (in grades
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3 through 8) that are administered as part of the North Carolina accountability system.6,7 We
currently have data for teachers and students from school years 1995-1996 through 2005-2006.
Unfortunately, the North Carolina data does not explicitly match students to their
classroom teachers. It does, however, identify, the person who administered each student’s endof-grade tests, and at the elementary level there is good reason to believe that those individuals
administering the test are generally the classroom teachers. We utilize this listed proctor as a
student’s classroom teacher, but also take several precautionary measures to reduce the
possibility of inaccurately matching non-teacher test administrators to students. First, we restrict
our sample to those matches where the listed proctors have separate personnel file information
and classroom assignments that are consistent with them teaching the specified grade and class
for which they proctored the exam. Because we wish to use data from classes that are most
representative of typical classroom situations, we also restrict the data sample to self-contained,
non-specialty classes, and impose class size restrictions to no fewer than 10 students (to obtain a
reasonable level of inference in our teacher effectiveness estimates) and no more than 29
students (the maximum for elementary classrooms in North Carolina). Finally, we restrict our
analyses to 4th and 5th grade teachers, because these classroom arrangements are most common in
the elementary grades (students are not tested prior to grade 3 and the VAM we employ requires
prior testing information).

6

Recent research illustrates how these data can be used for analyzing the effects of schools and teachers on students
(Clotfelter et al., 2006; Goldhaber and Anthony, 2007; Goldhaber, 2006a, 2006b; Rothstein, 2009a, 2009b).
7
One issue that arises in the context of using VAMs to estimate teacher effects is the possibility that value-added
teacher effectiveness estimates may be sensitive to ceilings in the testing instrument (Koedel and Betts, 2008). Our
data show little evidence of a test ceiling, so we do not feel it should pose a problem in our estimation. For instance,
the skewness of the distributions on test scores ranges between -0.392 and -0.177 in reading and -0.201 and 0.305 in
math (skewness = 0 for symmetric distributions). The authors find minimum competency tests have skewness
measures ranging from -2.08 to -1.60, and these have the most consequential impacts on teacher effectiveness
estimates and rankings. The impacts are fairly small in tests with only moderately skewed distributions, such as the
tests we use here.
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These restrictions leave us a sample of 19,586 unique teachers and 62,588 unique
teacher-year observations spanning 11 years (most teachers are observed more than once in the
data). For part of our analysis, we will use a subset of the data in which we can identify teachers
for multiple periods both before and after receiving tenure. This subset of the data is limited to
4th and 5th grade teachers for whom we observe (at minimum) the first 2 years of teaching in a
district before becoming eligible for tenure, and at least one year after tenure. These stipulations
provide us with a subset of 556 unique teachers, and 3,442 unique teacher-year observations.
Throughout our analysis, we use various sub-samples of the restricted dataset described above;
we describe inclusion criteria for the various sub-samples where relevant.
In Panel A of Table 1, we compare the unrestricted NCERDC data from all 4th and 5th
grade students against the restricted sample of students we use to compute teacher effectiveness
estimates, and the group of students for whom we have effectiveness estimates and at least one
year of data in which teachers are tenured. The observations reported represent unique student 4th
and 5th grade student observations.
Comparison of the means shows some slight differences between the unrestricted data
and the sample used for the analysis: in our sample, fewer minority students are observed, fewer
students are FRL eligible, more students have parents with at least a bachelors degree, and scores
in both math and reading are slightly above the standardized average for the grade. T-tests
indicate this is not a random sample; however, these differences are expected, as inclusion in the
sample requires valid sequential observations and therefore implicitly selects a relatively stable
group out of the student data.
In Panel B of Table 1, we report descriptive statistics for teachers in 2006 (the last year
in our sample), which is approximately representative of cross-sectional means over other years
in the sample. As shown, teachers are primarily white and female. In terms of credentials, a
Working Paper # 2009-2

www.crpe.org

8

do not cite without permission

Goldhaber and Hansen

December 2009

minority holds master’s degrees or higher or certifications from an approved North Carolina
education program; a far higher proportion of the sample are fully licensed (that is, those
teachers not holding a temporary or provisional license). The percentiles represent the one-year
value-added teacher effect for teachers in each subject (the units are standard deviation units of
student achievement in reading or math, and the method we used to estimate these effects are
described in the next subsection of the paper). Comparison of the magnitudes of these effect
estimates shows a considerably higher variance in the distribution of teacher quality in math
relative to reading.

B.

Value-added Measures of Teacher Effectiveness
A common modeling approach used in the VAM literature estimates a teacher fixed

effect based on multiple years of observation, using observed classroom and school
characteristics as controls. If one is willing to assume that teacher effectiveness does not change
within a teacher over time, then such an approach would provide an estimate of that teacher’s
future effectiveness.8 This study, however, does not impose such a strong assumption; our
reasons for this are two fold. First, Goldhaber and Hansen (2009) analyze the correlation of
teacher effectiveness measures across increasing intervals of time and find these measures
decrease as the time between measurement increases; and second, the policy motive of
potentially attaching high stakes to value added estimates rests (in part) on the presumption that
teachers will respond to these incentives, thereby changing performance over time. Thus, we
allow teacher effectiveness to vary in each time period by using the following model:

Aijkst = "Ais(t #1) + X it$ + % jt + & ijkst

(1)

!
Though this assumption
seems innocuous enough, it ignores changes within a teacher over time—some of which
may be observable (i.e. returns to additional experience) and some may be unobservable (changes in effort levels).
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In this equation, current student learning (
outcomes in both subjects (
(

) is a function of students’ lagged learning

), observable characteristics (

), and a teacher-specific input

). The value-added of a teacher is estimated through using fixed effects methods to obtain

these teacher-specific parameter estimates (

). Equation (1), when estimated separately for

each grade and year, imposes no inter-temporal restrictions on teacher quality. This flexibility,
however, comes at the cost of some potentially important identifying information: the teacheryear effect is now confounded with classroom and school contributions to student learning.9
Further, any bias in the estimates due to principals’ allocation of students across classrooms will
be captured in these estimates. As a result of this confounding bias, we cannot say whether
multi-year or single-year estimates better match true underlying teacher effectiveness, and in the
study we use both to inform our ability to predict future teacher effectiveness to analyze their
role in human resource management.
Research on VAMs have investigated alternative VAM specifications, often using a
student fixed effects approach to control for time invariant characteristics in students (in theory
this approach removes the influence of nonrandom sorting of students across schools and
teachers that is based on time-invariant student factors). We do not pursue this approach as our
primary VAM specification for two primary reasons. First, Rothstein (2009a) shows this
approach is not necessarily robust to “dynamic sorting,” i.e. the match of students to teachers
based on unobserved attributes that are time-varying. Second, models that use student fixed
effects generally have low power on the estimation of the student fixed effects themselves (due
to data limitations from observing students in just a few years), and tests of the joint hypothesis
that all student effects are non-zero commonly fail to reject. This implies more efficient
9

Recent research suggests there is also great variation in principal effectiveness, which could potentially be captured
in these estimates. See Branch et al. (2009) and Clark et al. (2009).
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estimation is possible through dropping the student-level effects (or pursuing a random effect
strategy). Moreover, a recent paper by Kane and Staiger (2008) not only finds that a student
fixed effects specification understates teacher effects in a VAM levels specification (where the
dependent variable is the achievement of students in year t and the model includes a control for
prior student achievement in year t-1), but also that the student fixed effects were insignificant in
a VAM gains specification (where the dependent variable is the gain in student achievement
from one year to the next). By contrast, they find a specification that includes a vector of prior
student achievement measures produces teacher effects quite similar to those produced under
conditions where teachers are randomly matched to their classrooms.

C.

Analyzing Teacher Effectiveness Estimates for Tenure Decisions
A primary contribution of this paper is its investigation of using VAM estimates in

making tenure decisions for teachers. We present evidence from three specific inquiries; the
methods of each line of inquiry are outlined below.
First, rewarding teachers with tenure is a one-time decision that remains in force for the
remainder of a teacher’s employment with a school district, which in many cases may be the
duration of a teacher’s entire career. Thus, while investigating tenure decisions, we feel
compelled to take a descriptive look at the variation in teacher effectiveness estimates over a
teacher’s career. Many studies have investigated the variance in teacher quality over the
workforce (e.g. Hanushek et al. 2005; Aaronsen et al. 2007) and have investigated how mean
performance changes with a teacher’s experience in teaching (e.g. Rockoff 2004); however, no
study has investigated how the variation in estimated teacher quality changes with experience.
Whether there is a convergence or divergence of effectiveness over a teacher’s career
likely influences the efficacy of any tenure policy adopted. For instance, if there is a high-degree
Working Paper # 2009-2
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of convergence it may not make sense to use VAM in the context of tenure decisions as teachers
downstream would end up with performance closely bunched around some mean level. On the
other hand, should there be a divergence of effectiveness over time using VAM effects to inform
tenure might be even more important; e.g. if those teachers who are poor performers early in
their careers are likely to be even worse, relative to the mean, as they progress through their
careers.
To estimate the variation in teacher quality over a career, teachers are binned by
experience and, within each experience bin, the adjusted variance of teacher quality in the
workforce is calculated in both reading and math by netting out the measurement error, as is
common in the teacher quality literature (e.g. Koedel and Betts 2007; Rothstein 2009a).
Additionally, because experience in a district or school may be similarly important, we make
comparisons along these dimensions as well.
The second line of inquiry we pursue investigates the correlation of VAM estimates at
increasing time intervals. We adopt Goldhaber and Hansen’s (2009) approach in modeling
performance estimates as having three components:
(2)
The estimate of teacher effectiveness from Equation 1 (
persistent component of quality (
random error (

), has a teacher-specific

), a transitory component of teacher quality (

), and a

). The transitory component is autoregressive as a random walk:
(3)

Here, the current transient component of teacher quality is a function of the last period’s
realization, and a random error (

) that is orthogonal to all other model components. For

example, one might think of this transient component as professional development: it has an
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impact in the time period received, but over time newly learned skills fade and have a lesser
impact in future years. Projecting Equation 2 forward one period, and substituting Equation 3 in
for the second component yields:
(4)
This model allows for teacher quality to predict future performance, but its predictive power
fades with time to the component that is persistent within teachers. This model is consistent with
the observational evidence on teacher effect estimates Goldhaber and Hansen (2009) present.
In this study, we are particularly interested in whether the additional stability of VAM
estimates based on multiple years of observation are more predictive of long-term outcomes,
compared to those based on one year only. Estimates based on multiple years will be based on
higher numbers of student observations, decreasing the relative magnitude of sampling error in
the estimates. Moreover, the signal in these estimates is averaged over multiple years, providing
a more precise, and potentially less biased (Koedel and Betts, 2009) estimate of teacher quality.
Not all of the signal identified in any of these estimates is persistent, however, and some of the
estimated effectiveness of past performance will fail to be identified in future estimates of
teacher quality.
In Table 2, we present the functional form of 1-year, 2-year, and 3-year VAM estimates,
along with their variances, and covariances (with one-year VAM estimates n years in the future).
Note the relative magnitude of the persistent component in the variance of the multi-year
estimates increases with additional years of observation because the variance in the sampling
error and importance of the temporary component diminish when looking across multiple
years.10 Likewise, the value of the covariance terms also converges to the variance of the

10

Empirically, this decreasing variance with multi-year VAM estimates is also observed. In our data set, the
standard deviation of one-year VAM estimates in math is 0.218 and the standard deviation of three-year estimates is
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persistent component with time (as n increases). Our primary tool of empirically estimating the
variation in these various components of teacher quality is a comparison of the Pearson
correlation coefficients. Correlating teachers’ VAM estimates over time allows us to isolate the
more stable parts of teacher quality, by netting out those that change between observation
periods. Given the observed correlations over multiple periods, we isolate the magnitudes of
each of these variance components in the data, which in turn inform us of the predictive power of
using these estimates in making tenure decisions.
The third line of inquiry is the extent to which past performance measures predicts
student achievement. Our results in this section use a basic model of estimating student
achievement, but instead of using fixed effects to control for teacher quality as in Equation 1
above, we insert a vector of teacher quality, TQ, explanatory variables:
Aijkst = &Ais (t '1) + TQ jst % + X it $ + # g + " t + ! ijkst

(5)

The teacher quality vector includes a teacher’s licensure status, experience and degree levels,
college selectivity, and average licensure scores, in addition to VAM performance estimates
from a prior year of observation; Xit is a vector of student characteristics; !g is an indicator
variable on grade; and "t is a vector of year dummies. In this section, we separately include raw
one-year effectiveness estimates and analogous estimates that have been shrunk using the
empirical Bayes adjustment, shrinking estimated teacher performance to the grand mean in
proportion to the reliability of the teacher-specific estimate. Furthermore, we isolate the sample
of teachers for whom we observe both pre- and post-tenure performance, and estimate posttenure student learning using pre-tenure estimates of teacher performance as covariates in the
regression.

0.187. At the same time, the estimated signal component of these estimates increases by adding years of
observation. A similar pattern is also observed in the VAM estimates in reading.
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Finally, we check the robustness of our results by recreating the final analysis above
predicting student achievement. The most consequential critique of the VAM estimates is that
they are not free of bias from non-random matching of students to their teachers. To assess
whether our findings may be biased, we estimate all of the models described above using various
teacher subgroups and specifications that should be less likely to suffer from this type of
matching bias. Specifically, we isolate teachers in schools with new principals, where
presumably any pre-existing sorting norms would be disrupted with the introduction of a new
principal; we isolate 5th grade teachers in our sample and include additional lags of student test
performance in estimating teacher effectiveness, which shows less bias in Rothstein (2009b); and
we isolate schools where students appear to be distributed randomly across classes, based on
observable student characteristics as outlined in Clotfelter et al. (2006). The results of these tests
are presented in Part D of the following section.

IV.

Empirical Results

A.

Variation and Stability of Effects Over Teacher Careers
There are several reasons to believe that true teacher effects and the consistency of job

performance might not be stable over a teacher’s career. There is, for instance, good evidence
that the acquisition of classroom management or other skills leads teachers to become more
productive as they initially gain classroom experience (Clotfelter et al., 2006; Hanushek et al.,
2005; Rockoff, 2004). Moreover, we might also expect increasing experience to coincide with a
narrowing of the variation in job performance since teachers who are less productive may be
counseled out of the teaching profession while the most productive teachers may be attracted to
outside opportunities (Boyd et al., 2007; Goldhaber et al., 2009; Krieg, 2006; West and Chingos,
2008). This suggests a narrowing due to the sorting of individuals in the workforce, but beyond
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this there are reasons to believe that the consistency of job performance would increase as
familiarity with job tasks instills job behaviors that permit a smoother reaction to changes in job
requirements (Deadrick and Madigan, 1990).11 Furthermore, one might imagine that teachers, as
they settle into a particular setting, tend to adopt the practices of that setting (see Zevin, 1974), or
adjust their effort to converge to the average effort level of their peers (Kandel and Lazear,
1992). This would suggest a general convergence in teacher effectiveness as teachers become
socialized into the norms of a school, district, or the profession.
We investigate changes in the effectiveness of the workforce by grouping teachers
according to experience level, and length of tenure in a district or in a school, and look for
changes in the estimated average teacher effect and the estimated standard deviation of teachereffect estimates conditional on experience grouping.12
We report the results of this exercise in Figure 1a (for teaching experience), 1b (for
experience in district), and 1c (for experience in school). The estimates presented in these
Figures are adjusted for the estimated sampling error in each experience bin, using the
adjustment method used commonly in the literature (e.g. Aaronson et al. 2007; Koedel and Betts
2007);13 however, instead of adjusting the estimates based on Equation 2 from the entire
workforce as is commonly done, we apply the adjustment to each experience bin separately.
The effect of changes in teacher quality varies somewhat by teacher experience, but is
generally in the realm of 10 percent of a standard deviation for reading and just over 20 percent
11

The notion of converging behavior is common (see, for instance, Dragoset, 2007, for a brief review of various
studies testing income convergence over time).
12
The experience groupings are: 0-1 yrs, 2-3 yrs, 4-5 yrs, 6-7 yrs, 8-10 yrs, 11-13 yrs, 14-16 yrs, 17-19 yrs, 20-22
yrs, 23-25. Tenure in district or tenure in school is covered by the first five bins (our panel of data does not allow us
to see when teachers with a tenure of more than 10 years arrived at the school or district).
13
This adjustment approach assumes teacher quality is measured with error:
. The variance of true
teacher quality is recovered by subtracting the estimated sampling variance from the observed variance of the
estimated teacher quality parameters:
. The sampling variance is estimated by taking
the mean standard error for each of the estimated teacher fixed effects. We use heteroskedasticity-robust estimates
of the standard errors for this adjustment.
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of a standard deviation for math. These magnitudes are roughly equivalent to estimates by Kane
and Staiger (2008) – who estimate comparable models that include student covariates – for math
achievement and somewhat lower than their finding for achievement in reading (18 percent of a
standard deviation). And, consistent with the literature, the average teacher effect increases by
statistically significant levels early on in a teacher’s career ((Clotfelter et al., 2006; Hanushek et
al., 2005; Rockoff, 2004), and this is true for all types (overall, within, district, and within
school) of experience.14
More interesting is the finding that there is little obvious narrowing of the distribution of
teacher effects. The distribution of teacher effects appears to be very stable in the case of overall
experience; in the case of district experience, it is stable for reading effects but widens
considerably for the case of math experience; and in the case of school experience, the variability
of teacher effects remains constant across same-school experience.15
As we suggested above, one of the arguments for why we see little evidence of a
narrowing of job performance with experience is that teacher effects are estimated relative to
other teachers in the workforce and the comparison group of teachers changes over time. To
account for this, we identify a cohort of 556 teachers who are observed during five consecutive
years and plot the standard deviations of teacher effects conditional on experience. We do not
report these results, but they too show little evidence that there is behavioral convergence leading
to a narrowing of the distribution of teacher effectiveness over teacher careers.

14

We formally test this by regressing our estimates of teacher-year effects against time-varying observable teacher
characteristics. Only two teacher variables were found to be statistically significant predictors of within-teacher
variation in effectiveness: a teacher’s experience level and a teacher’s number of discretionary absences. We also
test the within versus between school variation in teacher effects and find that the overwhelming majority of the
variation is within schools.
15
We further assessed the extent to which the stability of teacher-performance estimates may vary over the course of
a teacher’s career by separately predicting future performance on lagged effectiveness estimates for teachers in each
experience bin. The prediction coefficients were then compared across experience levels. As above, this test showed
no evidence of time dependence in the coefficients – thus providing no counter-evidence to the hypothesis on stable
job performance over the course of a teacher’s career.
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Multi-Year Estimates and the Intertemporal Stability of Teacher Effects
In the literature on using VAMs to assess teacher effectiveness, the primary reason for

using multiple years of observations (rather than those using a single year only) to estimate
teacher performance is to improve statistical power in estimating teacher effectiveness. A
natural consequence of spanning multiple years of teacher observations is the increase in sample
size used to estimate a teacher’s value-added effect; thus, multi-year estimates will naturally
lower the standard error associated with each teacher’s performance. This result was noted in
Ballou (2005), who showed that less than a third of teachers had teacher effects significantly
different (based on an alpha level of 0.10) from the average in math based on one year of
performance; but using a three-year estimate, over half of all teachers had effects that were
statistically different from the average. Combining multiple years, however, necessarily
aggregates two periods in which performance is not necessarily constant. McCaffrey et al.
(2009) briefly discuss the consequences of this aggregation, and note that the increase in
statistical power is mirrored with an increasing bias from those components of performance that
do not persist within teachers.
Another potential benefit associated with using multi-year VAM effect estimates is that
these estimates are less likely to be biased due to student sorting across teachers (Rothstein,
forthcoming). This finding is illustrated in a recent paper from Koedel and Betts (forthcoming),
who show that while single year VAM estimates of teacher effectiveness fail the so called
“Rothstein” test, multi-year estimates do not; this suggests that bias from student sorting is at
least partly transitory conditions.
Piecing the results of these studies together, VAM estimates based on multiple years have
some appealing features (statistical power, less sorting bias), but are not flawless estimates of
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performance either (bias from components of performance that are not permanent). We wish to
investigate how using one-year estimates versus multi-year estimates differ in the context of
rewarding tenure to teachers. To our knowledge only McCaffrey et al. (2009) have discussed the
use of multi-year VAMs to impose a hypothetical teacher quality minimum prior to granting
teachers tenure. As discussed previously, they suggest removing the bottom two quintiles of
teachers based on true teacher performance would result in an increase in the workforce of 4
percent of a standard deviation of student learning. Recall that we employ a model of teacher
quality that differs from McCaffrey et al.’s in the specification of the transient component of
teacher quality. As an additional point of departure, the correlations of effectiveness within
teachers over time presented in McCaffrey et al. are notably lower than what we observe with the
North Carolina data.16 We wish to compare the predicted effect of imposing a tenure rule on the
market using our estimates against what McCaffrey et al. suggest.
Figures 2a and 2b show the correlations of VAM estimates based on one-year, twoyears, and three-years of observation over increasing intervals of time. Applying a quality filter
at the time of tenure would perform an analogous function to this: it uses observed past
performance to predict performance far into the future. In both reading and math, an obvious
downward decay is evident in all of the effects (whether using one year or multiple years). In
spite of the decay, however, the predictive power of multi-year effects is still large: even five
years after the original VAM estimation period the three-year effects still have observed
correlations above those of the one-year estimates after just one year.
Note that the correlations, even up to nine years later, still do not fall to zero, but appear
to level out. This observed pattern is consistent with the model employed, where eventually the
16

Using Florida data, the authors report correlations on adjacent-year VAM estimates for elementary teachers in
math (using a roughly analogous estimation model to ours) range from 0.30 to 0.46. The data we employ from
North Carolina shows a statewide average correlation of 0.53 for elementary teachers in math.
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permanent component of teacher quality would be the only common component in performance
over time. Using these observed correlations multiple years out, we generate two estimates of
the variance of this persistent component of teacher quality.17 The first estimate is based on the
point where the correlations hit their lowest observed value (at year 7), and take this as
convergence to the permanent component only. The second is based on when the subsequent
correlation coefficient is no longer significantly different from the year prior (at year 4), and take
this to represent the point of convergence. The first measure is a conservative measure, likely
underestimating the true variation of this persistent component; the second measure likely
overstates its variance.
Once the persistent components of teacher quality are estimated, we can estimate values
for

and

using the estimated sampling error (see footnote 22) to compute the

reliability of VAM estimates, given the number of years of observing performance. The results
of these calculations are presented in Table 3 (Panel A is based on the conservative estimate of
the permanent component of teacher quality, Panel B is based on the more liberal estimate). The
first column reports the reliability of the estimate in correctly identifying teacher quality over the
time period on which the estimate is based (this is the total teacher quality signal over the total
variance). The second column reports the reliability of identifying the persistent component
only. As expected, given the graphics presented in Figure 2, more years of observation increase
both measures of reliability. Moreover, in spite of using two different estimates of the persistent
component of teacher quality (one likely under-estimating the magnitude, the other likely overestimating), both reliability measures are approximately the same.
17

In Table 2, we show the covariance between one-year estimates is

, where n is the

number of years between measurement. As n gets large, the second part of this covariance goes to zero. When the
second term is small enough to be ignorable, the observed correlation coefficient between VAM estimates
multiplied by the standard deviations of the estimated effects in both periods produces estimates of
.
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In the final five columns of Table 3 we also present the predicted increase in the average
level of teacher quality that could be expected by imposing a quality check when rewarding
tenure. The rule we impose here is removing the lowest 25 percent of teachers based on
observed (noisy) performance.18 We report the average teacher quality (in student-learning
standard deviation units) that we expect to observe in a cohort of teachers at different time
intervals (1, 2, 3, 5, and 10 years) following the application of such a tenure rule. Consistent
with the observed pattern in the correlations, these calculations show large immediate impacts of
the rule that fade somewhat with time (recall the correlations of VAM estimates within teachers
are highest when observed with less time between measurement). These calculations predict
most of the fade occurs within the first 3 years, and virtually all of it is observed in the first 5
years.
In spite of this fade, the long-run effect of imposing such a rule appears that it can be
consequential. While the VAM estimates based on one year of performance predict 10-year
effect sizes of 0.012 and 0.015 standard deviations in reading and 0.034 to 0.037 standard
deviations in math, using three years of performance in VAM estimation increases the effect size
in both subjects by approximately 30 percent (ranging from 0.017 to 0.021 in reading and 0.044
to 0.047 in math). Even though we use two approaches to calculate these predicted effects, the
magnitudes are reasonably consistent across the panels. Comparing our predicted effects with
those calculated in McCaffrey et al. (2009), we see our long-run predicted effect sizes in math
(even after the initial fade in effectiveness) are slightly larger. We return to the relevance and
magnitude of this finding in Section V.
C.

Predictive Power of Earlier Career Performance Estimates

18

In their technical appendix, McCaffrey et al. (2009) derive the formula for calculating the average teacher quality
in a truncated normal distribution, given the uncertainty in identification. We use that method for these calculations
here.
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Next we turn our attention to the question of whether past teacher performance is a good
predictor of future results. We know from the correlations of teacher effect estimates above that
there is a relationship but in this section we quantify it. We begin by reporting, in Panel A of
Table 4 the results of a model regressing student achievement in year t against a standard set of
observed teacher and student controls and, in some specifications, estimates of each teacher’s
immediate past year’s VAM estimate (consistent with equation 4 above). Columns 1 and 4 show
the results for specifications that include observable teacher variables, columns 2 and 5 include
estimates of past teacher performance (in the same subject as the test), and columns 3 and 6
include both observable teacher variables as well as past performance estimates.
Focusing first on columns 1 and 4, we see that, consistent with the literature, school
variables consistently explain more of the variation in student achievement in math than in
reading, and F-tests show that the observed teacher variables in the models are jointly significant.
However, of the individual teacher variables, only teacher experience and performance on
licensure tests are statistically significant with the expected signs.
The results in columns 2 and 5 show the results utilizing teachers’ prior VAM estimates.
We report the results from models that utilize the EB teacher effectiveness estimates, but as it
turns out the findings differ little if the unadjusted effects are used instead.19 Since most
elementary teachers are responsible for instructing students in both reading and math, we can
estimate a separate lagged VAM effect for each subject. Both student achievement and the
teacher effect estimates included in the regressions are standardized by grade and year to zero
mean and unit variance so the point estimates show the estimated effect size of a one standard
deviation of prior teacher effectiveness on student achievement. Were it the case that teacher
effectiveness did not vary over time and was measured without error, we would anticipate same19

This is not surprising given that the correlation between the EB and unadjusted teacher effect estimates is 0.97 or
higher for all year-grade combinations.
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subject (e.g. teacher math VAM estimate in student math achievement model) coefficient
estimates in the range of 0.1 in the reading model and 0.2 in the math model as these are roughly
the estimates for the effect sizes for teacher effectiveness reported in subsection A.
There is good evidence that these prior VAM estimates do predict student performance.20
And, interestingly, the lagged VAM effects in both math and reading show up as being
statistically significant in models predicting student achievement in both subjects. In other
words, not only do we see that teachers who demonstrate success in instructing students in a
subject tend to be successful a year later in instructing students in that same subject, but teachers
who are more successful in instructing students in math tend to be more successful in the
subsequent year in instructing students in reading and vice versa. The point estimates suggest
that, on student reading achievement (column 2), a 1 standard deviation increase in a teacher’s
lagged effectiveness in reading increases students’ reading scores by about just about 4 percent
of a standard deviation, and a 1 standard deviation increase in a teacher’s lagged effectiveness in
math increases reading scores by just over 3 percent of a standard deviation. In the math
achievement models, our estimates suggest that a 1 standard deviation increase in a teacher’s
lagged effectiveness in reading increases students’ math scores by about 1 percent of a standard
deviation, and a 1 standard deviation increase in a teacher’s lagged effectiveness in math
increases math scores by about 12 percent of a standard deviation.21
Finally, in columns 3 and 6, we report on specifications that include both observed
teacher variables and prior VAM estimates. In these models the teacher quality variables are no
20

While adding more teacher effect estimate lags (e.g. the VAM from time period t-2) does increase the explanatory
power of the model, most of the explanatory power possible was achieved from observing the most-recent year’s
prior VAM estimates. That said, the pattern of effects is far more consistent for math, where each year’s
performance estimate that is further back has a coefficient estimate that is smaller; all of the prior readingperformance estimates are positive, but they are not all statistically significant and the coefficients show no clear
pattern in terms of magnitude.
21
Dropping the cross-subject VAM from the model has only a small impact on the own subject VAM coefficient
estimates (increasing the magnitude slightly).
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longer jointly significant and the estimates of the predictive power of lagged teacher effects is
little changed. It is worth noting that the estimated VAM teacher effect coefficients from these
models should be treated as a lower bound on the impact of true teacher quality, since our
regressors are estimated performance and thus subject to measurement error.22
The above results confirm that estimated prior-year, estimated teacher performance is a
good predictor of estimated future performance – an important finding in the context of thinking
about using them for policy purposes. However, using VAM estimates to help inform tenure
decisions – an option that is often floated in policy discussions given the perceived (or actual)
difficulty of removing ineffective teachers once they are afforded the job protections that come
from being tenured – likely would require a higher standard since there would be a lag between
the time that VAMs could be estimated and tenure decisions were made.
In North Carolina, teachers are typically awarded tenure after four successive years of
teaching in the same school district (the specific time required varies depending on whether a
teacher has been tenured in another school district and/or the specific license a teacher holds for
each year of teaching).23 The data do not capture a variable on tenure status, so we use the rules
governing tenure to classify teachers as tenured or not and estimate models similar to those
discussed above that only include observations for students with teachers who we calculate have
received tenure.24 The only distinction in specification between these models (reported in Panel
B) and those in Panel A is that the teacher VAM estimates included in these tenure models are
22

We also estimated models that use percentile ranking instead of the EB teacher effect. The results from those
models differ somewhat in magnitude but are otherwise qualitatively similar.
23
The requirements for achieving tenure in North Carolina are described in Section 1803 of Joyce (2000).
24
It is worth noting that the sample of teachers for this part of the analysis represents a very select group of teachers,
implying one should be cautious about drawing strong inferences about the teacher workforce in general. While
there are nearly 20,000 unique 4th and 5th grade teachers for whom we can estimate teacher effectiveness, we
observe only 1,363 unique novice teachers prior to 2003 (the last year for entering teachers for whom we could also
observe post-tenure performance). Of these, only a small percentage stay in the sample (a teacher may stay in the
workforce, but would only remain in our sample if they were teaching in either the 4th or 5th grade levels in
experience year 5) long enough to observe post-tenure performance: 609 for whom we observe both post-tenure
performance and performance estimates for their first two years of teaching.
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based on teachers’ first two years in the classroom (and we drop the early career experience
dummies). In theory school districts in North Carolina could conceivably obtain three or four
years of pre-tenure teacher VAM estimates prior to making tenure decisions, but in practice this
is unlikely given the lag time for obtaining testing results and for estimating the VAM effects.
Moreover, North Carolina is one of the few states that requires teachers be in the classroom for
more than three years before they are eligible for tenure.25
Columns 1 and 4 show the estimates for observable teacher variables. In these models no
teacher variables are statistically significant and F-tests indicate that they are not jointly
significant. The coefficient estimates on the pre-tenure teacher VAM estimates (columns 2 and
5) for own-subject (e.g. student achievement in reading and teacher VAM reading effects) are of
a very similar magnitude to those we observe when using the prior-year lagged VAM estimates
(in Panel A), but the cross-subject prior VAM estimates are only about half as large.26 The
consistency of the same-subject VAM coefficients is somewhat surprising since there is a threeyear lag between the student achievement we are estimating and the estimates of teacher
effectiveness and, there is significant attrition out of the sample, likely implying a restricted
range of teacher quality and a downward bias in these coefficients (Killingsworth, 1983).
However it is possible that these two year estimates help mitigate for the potential of studentteacher sorting bias as is found by Koedel and Betts (2009). Lastly, when we include both
observable teacher variables and the VAM pre-tenure effects (columns 3 and 6), the VAM
coefficients remain nearly identical.

25

The mode of states grant tenure in the third year of teaching and several grant it after only one or two years in the
classroom. For more information, see the Teacher Rules, Roles, and Rights database, managed by the National
Council on Teacher Quality, available at http://www.nctq.org/tr3/.
26
The VAM teacher effect coefficients are slightly larger in models that only include the own-subject VAM
estimates. If we restrict the sample to just teachers in their 5th year, the pattern of results is similar to those reported
in Panel B. Similarly, the results differ very little when we use three years of teacher classroom performance to
estimate effects rather than two (all of these results are available upon request).
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Tests of Robustness
In this section we describe the analyses we preformed to assess the robustness of our

results. Specifically, we attempt to account for the possibility that our estimates of teacher
effectiveness might be biased due to the student-to-teacher assignment process that might lead to
a violation of the assumption that the student assignment to teachers is random conditional on the
other variables included in the VAM model (Rothstein, 2009a).
We test whether our results are robust by estimating them for three subsamples of our
data. The first subsample is 5th grade teachers for whom we have a vector of prior student
achievement scores in both math and reading tests at the end of 3rd grade and the end of 4th
grade. For these teachers, we estimate teacher effects (in Equation 1) using two years of lagged
student performance in both subjects, rather than using just one year of lagged performance only.
Rothstein (2009b) shows that this VAM specification is likely to have less bias (than the VAM
with only one lagged year of performance) since the vector of twice-lagged prior achievement
scores explain a significant portion of the variation in 5th grade achievement, and Kane and
Staiger (2008) also use a specification similar to this and find that it produces teacher effect
estimates that are similar to those produced under experimental conditions.
The second subsample we utilize is the set of teachers in schools with a new (to the
school) principal.27 The notion here is that principals influence the student-teacher assignment
process; they may, for instance, reward their “good” teachers with choice classes or,
alternatively, assign them to teach the more difficult students. Incumbent principals are likely to
be consistent in their assignment strategies but a new principal may break from those of their
predecessors (Koedel and Betts, 2009). While the new student-teacher assignment process may
27

About 20 percent of teachers in our sample are working in schools in which there is a new principal.
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not be random, it is likely to result in different estimates of teacher VAM effects if it differs from
the previous assignment process.28
Finally, we estimate our models on a sample of students and teachers that appear to be
randomly matched based on the distribution of observable student characteristics (gender,
ethnicity, free and reduced price lunch and limited English proficiency status, parental education)
across different school-year-grade units. From our original sample we omit schools from the
analysis if any one or more of the chi-square tests rejects the hypothesis that students are
randomly distributed across classrooms.29
Table 5 replicates the analyses used to generate columns 3 and 6 of Table 4.30 These
results show that the coefficients on the lagged teacher VAM effects are robust to sample and
model specification; in fact, the estimates in these specifications, for reading and math student
achievement models, differ from those reported in columns 3 and 6 in Panel A of Table 4 by less
than 0.006.

V.

Policy Implications
The results we present above in Table 4 strongly imply that VAM teacher effect estimates

serve as better indicators of teacher quality than observable teacher attributes, even in the case of
a three year lag between the time that the estimates are derived and student achievement is
predicted. But the use of VAM estimates, for instance to inform on tenure decisions, is not
costless, politically or otherwise. Thus, for policy purposes it is useful to better understand the
extent to which these estimates outperform other means of judging teachers. We explore this
28

Given that this break may not occur in the first year that a principal takes the helm at a school, we also estimate
the models for teachers in schools with principals in their second year. We do not report these results, but they are
nearly identical to the first-year principal results presented here.
29
For more detail on this process, see Clotfelter et al. (2006).
30
We do not test the teacher tenure models for robustness given the tenured sample is already quite small and these
specifications further restrict sample sizes.
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issue by comparing out of sample predictions of student achievement based on models with
observable teacher characteristics and predictions of achievement based on teacher effectiveness,
to actual student achievement.
Specifically, we use the coefficient estimates from panel B of Table 4 to predict student
achievement in school year 2006-07 for those students who were enrolled in classes taught by
teachers in the sample used to generate the results reported in Table 4.31 For each student we
obtain two different estimates of achievement in reading and two in math. The first is based on
using teacher characteristics in the model (all those characteristics that are reported in columns 1
and 4 of Table 4) and the second is based on the pre-tenure VAM measure of teacher
effectiveness (in columns 2 and 5 of Table 4). If anything this exercise understates the relative
value of the VAM estimates as compared to teacher characteristics since in the overwhelming
majority of states and school districts, teacher employment eligibility is determined solely by
certification status, whereas we are utilizing all the teacher characteristics in the model for the
student achievement predictions.
Not surprisingly, t-tests of the differences in mean absolute error between the observed
student achievement and the predictions from the two different models suggest the pre-tenure
VAMs to have superior out-of-sample predictive power to the model based on teacher
characteristics in both reading and math.32 To get a better sense of whether the differences
between the VAM estimates and teacher observable estimates are meaningful, we plot the mean
absolute error against actual student achievement in reading and math. Figure 3 shows the mean

31

Note that, due to attrition, the number of unique teachers in the sample drops from 609 in Table 3 to 525 for this
exercise.
32
In reading, the mean absolute error (MAE) for predictions of the teacher characteristics model and VAM effects
model are 0.455 and 0.451, respectively, while those for math are 0.561 and 0.419. T-tests of mean equality are
strongly rejected in both subjects.
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absolute error of predictions from both models for each percentile of reading and math
achievement. There are 10,127 total predictions or about 100 per percentile.
As might be expected, the results of this exercise show that both models do a relatively
poor job of predicting student achievement far from the mean (i.e. where the average mean
absolute error is larger). It also shows that the VAM effects model is superior to the teacher
characteristics model throughout the distribution of math achievement. This is not always true
for the reading predictions where the mean absolute error is similar for the two predictions
(hence there is significant overlap in the lines).
What would it mean to use VAM estimates in practice for informing teacher “deselection” decisions at the tenure point (Gordon et al., 2006)? McCaffrey et al. (2009) examine
the extreme case where tenure decisions are based solely on VAM estimates. Using their derived
estimates of the intertemporal stability of teacher effectiveness and assuming the persistent
components of teacher quality are normally distributed, they estimate that a “de-selection” of the
most ineffective 40 percent of teachers would increase the average effectiveness of those 60
percent of teachers remaining in the workforce by just over 3 percent of a standard deviation (in
student achievement terms). In Table 3, we calculated the effect sizes of a similar rule using the
observed estimates from the data. We imposed a slightly lower bar in our case, though,
removing only the lowest 25 percent of teachers (compared with removing 40 percent above).
Even with the lower bar, Table 3 shows that imposing this hypothetical rule could have an
educationally significant effect on the distribution of teacher quality for those teachers who
remain in the profession: using three-year VAM estimates, the mean level of teacher quality
among teachers retained in the market are conservatively predicted to be 0.017 standard
deviations higher in reading and 0.044 in math (relative to the distribution with no filter).
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Taking this hypothetical rule one step further, we can simulate what the pre- and postselection distributions can look like using teachers observed in our sample. Specifically, we deselect teachers based on their pre-tenure reading and math effects and report the distributions (in
Figure 4) of the 5th year post-tenure effectiveness estimates in those subjects.33 The three
distributions in Panel A (reading) and Panel B (math) show the estimated post-tenure effects for
de-selected teachers (the lowest 25 percent), the remaining selected teachers (the upper 75
percent), and the pooled distribution of all teachers (imposing no selection rule). In reading, the
de-selected teachers are estimated to have student achievement effectiveness impacts that are 10
percent of a standard deviation of student achievement below those teachers who are not deselected, and the difference between the selected distribution and a distribution with no deselection is over 2 percent of a standard deviation of student achievement. In math, the deselected teachers are estimated to have impacts that are about 7.5 percent of a standard deviation
of student achievement lower than selected teachers, and the difference between the selected
distribution and a distribution with no de-selection is almost 3 percent of a standard deviation of
student achievement.34 When we take this thought-experiment a step further and replace deselected teachers with teachers who have effectiveness estimates that are equal to the average
effectiveness of teachers in their first and second years, the post-tenure distribution average are
0.016 in reading and 0.025 in math. While these may appear to be quite small, new evidence
(Hanushek, 2009) suggests that even these small impacts on the quality of the teacher workforce
can have profound impacts on aggregate country growth rates.
33

The post-tenure reading distribution is based on pre-tenure selection on reading effects only, and the post-tenure
math on pre-tenure math only.
34
These estimates are slightly lower than those reported by McCaffrey et al. (2009). Keep in mind, however, that
we deselected a smaller percentage of the teacher workforce, so the smaller magnitude is reasonable. These
estimates also vary from the predicted effects calculated in Table 3 (the observed difference in Figure 4 is larger in
reading than what is calculated in Table 3, and vice versa for math). This may arise because this figure focuses on
the sample of teachers observed on both sides of the tenure point, whereas the results in Table 3 are based on
estimates across the entire workforce. Moreover, sample size is quite small in Figure 3, so the true differences in
effectiveness may vary with a larger sample.
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Concluding Thoughts: In the Eye of the Beholder
Our study has investigated the stability of VAM estimates of teacher job performance and

their implications for a deselection policy to the teacher labor market. The evidence presented
here shows no detectable evidence of the variation in teacher quality changing over time and it is
reasonably stable within teachers over time. We also show VAM estimates based on multiple
years of observation are more reliable in predicting long-term job performance, and early-career
performance reliably signals post-tenure performance. These findings do not appear to be due to
conflated biases in VAM estimates due to student sorting.
What does all this mean for personnel decisions and tenure policy in particular? We
suspect the results presented here will tend to reinforce views on both sides of the policy divide
over whether VAM estimates of teacher job performance ought to be used for high-stakes
purposes like determining tenure. Those opposed to the idea might point to the finding that the
multi-year correlations in teacher effects are modest by some standards, and that we cannot know
the extent to which this reflects true fluctuations in performance or changes in class or school
dynamics outside of a teacher’s control (such as the oft-mentioned dog barking outside the
window on testing day). Further, the observed fade in the predictive ability of VAMs at
increasing time intervals weakens the effect of any policy intervention based on these VAMs
with time.
On the flip side, supporters of VAM-based reforms might note that these inter-temporal
estimates are very much in line with findings from other sectors of the economy that do use them
for high-stakes personnel decisions. Perhaps more importantly, there is good evidence that
school systems are not very selective in terms of which teachers receive tenure and, while VAM
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estimates are noisy, our calculations suggest that using them to inform de-selection policies has
the potential to affect the quality of the teacher workforce in economically meaningful ways.
Keep in mind, though, that our calculations are only based on a partial equilibrium
analysis. There is, of course, a question of whether a change in tenure policy might have far
reaching consequences for who opts to enter the teacher labor force and how teachers in the
workforce behave. Teaching jobs appear to be relatively secure and changes to the security of the
occupation might shift the number or quality of prospective teachers. All of this suggests that we
cannot know the full impact of using VAM-based reforms without conducting assessments of
actual policy variation, but the results presented here indicate that teacher effect estimates are far
superior to observable teacher variables as predictors of student achievement, suggesting that
these estimates are a reasonable metric to use as a factor in making substantive personnel
decisions.
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Tables and Figures

Table 1. Descriptive Means and Standard Deviations
Panel A. Student Characteristics
Female
Black
Hispanic
Other Non-White
Free Lunch Eligible
Parents’ Bachelor’s Deg. Or Higher
Standardized Reading*
Standardized Math*
Observations (Students)
Grade 4
Grade 5
Total
Panel B. Teacher Characteristics
Female
Black
Hispanic
Other Non-White
Master’s Degree or Higher
Approved NC Education Program
Full Licensure
Years Of Experience
th

25 Percentile-Reading
th
75 Percentile-Reading
th
25 Percentile-Math
th
75 Percentile-Math
Observations (Teachers)
Grade 4
Grade 5
Total

Unrestricted

Sample

0.488
(0.500)
0.298
(0.457)
0.052
(0.222)
0.052
(0.221)
0.464
(0.499)
0.152
(0.359)
0.000
(1.000)
0.000
(1.000)

0.499
(0.500)
0.284
(0.451)
0.039
(0.193)
0.043
(0.204)
0.329
(0.470)
0.155
(0.362)
0.066
(0.971)
0.080
(0.976)

1,122,586
1,029,259
2,151,845

667,621
541,801
1,209,422
0.901
(0.296)
0.132
(0.339)
0.004
(0.065)
0.010
(0.010)
0.241
(0.428)
0.413
(0.492)
0.752
(0.432)
8.798
(9.403)
-0.109
0.114
-0.161
0.161
11,854
7,732
19,586

*Standard Deviations in Parentheses
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Table 2. Properties of VAM Estimates, Given the Number of Years of Observation Used
1 year
2 years
3 years

Note: Presented calculations are based on the result that
stationary time series.

across all periods in a

Table 3. VAM Reliability and Effect on Average Teacher Quality
Panel A. Conservative Estimate of Persistent Component
Persistent
Increase in Average Teacher Quality Over Time
Total TQ
TQ
Reliability
Reliability
1 year 2 years 3 years 5 years
10 years
Reading
0.597
0.175
0.016
0.013
0.013
0.012
0.012
1-year VAMs
Math
0.784
0.331
0.044
0.039
0.037
0.035
0.035
Reading
0.691
0.268
0.018
0.016
0.015
0.015
0.015
2-year VAMs
Math
0.858
0.435
0.047
0.043
0.041
0.040
0.040
Reading
0.717
0.369
0.020
0.019
0.018
0.018
0.018
3-year VAMs
Math
0.883
0.538
0.051
0.047
0.046
0.045
0.044
Panel B. Liberal Estimate of Persistent Component
Persistent
Increase in Average Teacher Quality Over Time
Total TQ
TQ
Reliability
Reliability
1 year 2 years 3 years 5 years
10 years
Reading
0.597
0.215
0.018
0.016
0.015
0.015
0.015
1-year VAMs
Math
0.784
0.354
0.045
0.040
0.038
0.037
0.037
Reading
0.691
0.330
0.021
0.019
0.019
0.018
0.018
2-year VAMs
Math
0.858
0.464
0.049
0.045
0.044
0.043
0.043
Reading
0.721
0.447
0.023
0.022
0.022
0.021
0.021
3-year VAMs
Math
0.884
0.571
0.053
0.049
0.048
0.047
0.047
Note: All calculated values presented are based on observed variance in VAM estimates (0.027 in reading and 0.062 in math) and
estimated variance of the sampling error (0.011 and 0.013). Panel A uses a conservative estimate of the persistent component (0.005 and
0.021) to impute a value of beta (0.237 and 0.395). Panel B uses a liberal estimate of the persistent component (0.006 and 0.022) to
impute a value of beta (0.310 and 0.424).
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Table 4. Reading and Math Student Achievement Models
Panel A. Models with 1-Year Lagged VAM Effects (Number of Teachers=9678, Number of Students=649,650)
Student Reading Achievement

Student Math Achievement

(1)

(3)

(4)

-0.013

-0.012

-0.006

0.001

0.015

0.014

0.019

0.017

0.009

-0.006

0.021

-0.001

0.015

0.014

0.019

0.017

0.019

0.000

0.026

-0.001

0.015

0.014

0.019

0.017

0.035*

0.012

0.034

0.003

0.015

0.014

0.019

0.017

-0.004

-0.003

0.006

0.003

0.003

0.002

0.005

0.003

(2)

(5)

(6)

Observable Teacher Characteristics
2-3 Years Experience
4-5 Years Experience
6-9 yrs experience
>9 yrs experience
Holds master's degree
Average Licensure Test Score
College Selectivity
Fully Licensed

0.011**

0.006**

0.020**

0.010**

0.002

0.001

0.003

0.002

-0.002

-0.001

-0.005*

-0.003**

0.001

0.001

0.002

0.001

0.014

0.007

0.009

0.007

0.025*

0.010

0.012

0.009

VAM Teacher Effects
1-Yr Lagged Reading Effect

0.038**
0.001

1-Yr Lagged Math Effect
R squared

0.034**
0.67

0.038**

0.007**

0.001

0.002

0.034**

0.001

0.001

0.67

0.67

0.123**
0.70

0.007**
0.002
0.122**

0.002

0.002

0.70

0.72

Panel B. Tenured Teacher Models with 2-Year VAM Effects (Number of Teachers=609, Number of Students=26,280)
Observable Teacher Characteristics
6-9 Years Experience
>9 Years Experience
Holds Master's Degree
Average Licensure Test Score
College Selectivity
Fully Licensed

0.015

0.012

0.015

0.004

0.011

0.010

0.013

0.012

0.035

0.028

0.080

0.036

0.051

0.049

0.049

0.051

-0.010

-0.013

0.009

0.002

0.014

0.013

0.021

0.018

0.000

-0.001

0.013

0.014

0.008

0.008

0.012

0.010

-0.004

-0.005

-0.005

-0.006

0.006

0.006

0.008

0.007

0.011

0.006

0.073

0.082

0.049

0.046

0.053

0.053

VAM Teacher Effects
2-Yr Lagged Pre-Tenure Reading Effect

0.037**
0.008

2-Yr Lagged Pre- Tenure Math

0.017*
0.008

R squared

0.64

0.65

0.037
0.008**
0.017

0.004

0.009

0.009

0.090**

0.008*

0.65

0.004

0.71

0.090**

0.009

0.009

0.72

0.72

**, *: Significant at 1% and 5% confidence level, respectively. Note: All models include the following controls: a student’s pre-test score, race/ethnicity,
gender, free- or reduced-price lunch status, and parental education. For models in Panel B, the omitted teacher experience category is 1 year, as
classified for pay purposes by North Carolina. For models in Panel B, the omitted teacher experience category is 5.
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Table 5. VAM Robustness Checks
Student Reading Achievement

Student Math Achievement

VAM Based on
Vector of Prior
Achievement

New
Principal

Observed
Random
StudentTeacher
Match

(1)

(2)

(3)

(4)

(5)

(6)

-0.056**
0.021
-0.047*
0.021
-0.040
0.021
-0.027
0.021
-0.006
0.003
0.005**
0.002
-0.001
0.002
0.002
0.011

-0.010
0.029
0.010
0.028
0.007
0.028
0.026
0.028
-0.004
0.005
0.006*
0.003
-0.002
0.002
0.021
0.018

-0.015
0.016
-0.008
0.016
-0.001
0.016
0.010
0.015
-0.002
0.003
0.006**
0.001
-0.001
0.001
0.011
0.008

-0.012
0.032
-0.015
0.032
-0.011
0.031
-0.006
0.031
-0.002
0.004
0.009**
0.002
-0.002
0.002
0.015
0.012

-0.001
0.051
-0.013
0.051
-0.012
0.051
0.001
0.050
0.000
0.006
0.014**
0.003
-0.001
0.003
0.033
0.020

-0.003
0.020
-0.004
0.020
-0.002
0.020
0.000
0.020
0.003
0.003
0.010**
0.002
-0.003
0.001
0.013
0.009

0.036**
0.002
0.029**

0.035**
0.003
0.035**

0.039**
0.001
0.033**

0.002
0.002
0.116**

0.008*
0.004
0.122**

0.008**
0.002
0.122**

R squared
Number of Teachers

0.002
0.54
4,845

0.003
0.67
4,664

0.001
0.67
8,998

0.002
0.7
4,845

0.003
0.72
4,664

0.002
0.72
8,998

Number of Students

306,942

120,001

546,918

306,942

120,001

546,918

Teacher Observables
2-3 Years Experience
4-5 Years Experience
6-9 Years Experience
>9 Years Experience
Holds Master's Degree
Average Licensure Test Score
College Selectivity
Fully Licensed
VAM Teacher Effects
1-Yr Lagged Reading Effect
1-Yr Lagged Math Effect

VAM Based
on Vector of
Prior
Achievement

New
Principal

Observed
Random
StudentTeacher
Match

**, *: Significant at 1% and 5% confidence level, respectively. Note: All models include the following controls: a student’s pre-test score, race/ethnicity,
gender, free- or reduced-price lunch status, and parental education.
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Figure 1a. Overall Teacher Experience

Figure 1b. Teacher Experience in District

Figure 1c. Teacher Experience in School
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Figure 2a. Correlation of Reading Effects at Increasing Intervals

Figure 2b. Correlation of Math Effects at Increasing Interval
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Figure 3. Prediction Error as a Function of Achievement
Panel A. Reading

Working Paper # 2009-2

Panel B. Math

www.crpe.org

do not cite without permission

42

Goldhaber and Hansen

December 2009

Figure 4. The Effects of De-Selection on Teacher Quality
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