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Critics often point to low year-to-year correlations in teacher value-added mea-
sures as prima facie evidence against their use. We argue that decision-makers
should focus instead on the correlation between a single year’s performance
and a teacher’s career performance. Using data from several urban school dis-
tricts, we construct annual and career performance measures for teachers with
at least six years of value-added data. Year-to-career performance correlations
range from 0.5 to 0.8—substantially stronger than year-to-year performance
correlations. Three-quarters of the teachers ranked at the 25th percentile on
annual value added had career performance below average. Finally, cumulative
estimates of teacher value added (based on performance to date) are better
predictors of career performance and very stable over time.
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INTRODUCTION

There is continuing confusion and debate over whether value-added measures
are sufficiently reliable to be used in high-stakes personnel decisions. On the
one hand, critics often point to the year-to-year volatility in value-added mea-
sures as prima facie evidence against their use. They ask, how can we sanc-
tion teachers who are in the bottom quartile of value added this year when we
know that value added for nearly two-thirds of these teachers will no longer
be in the bottom quartile when measured again next year? On the other hand,
the results of the MET project and others have highlighted that even unreli-
able performance measures such as value added can identify substantial and
lasting differences across teachers.

Our goal in this chapter is to reconcile these two views. Despite the fact
that value-added measures are unreliable by conventional standards and
unstable over time, they are strong predictors of an individual teacher’s career
performance that can be used to improve decision making. Much of the con-
fusion is due to an over-interpretation of seemingly low year-to-year correla-
tions in value-added measures. For most decisions, year-to-year volatility in
annual performance is the wrong statistic for judging the informational value
of value-added data. A retention decision, for instance, rests on a different
relationship, the correlation between a single year’s performance (or perfor-
mance to date) and a teacher’s career performance. We propose a way to infer
the year-to-career correlation using the year-to-year correlation. We also test
that method using data from several urban school districts that have six or
more years of data on teacher value added. We show that the year-to-career
performance correlation can be estimated with a simple calculation, that the
estimate corresponds with the actual correlation observed between a single
year of value added and a teacher’s multi-year average, and that it is substan-
tially stronger than the year-to-year correlation in performance.

In addition, we study the usefulness of value-added data in a retention
decision. To do so, we model the decision problem faced by a supervisor.
When analyzed in that way, it becomes clear that every retention decision
involves two teachers—the incumbent teacher and a prospective new hire.
Although the latter is usually anonymous, a principal’s or supervisor’s deci-
sion requires comparing the likelihood that either of the teachers will turn out
to be high performing. A common conceptual error is to focus on the degree
of uncertainty surrounding an individual teacher’s likely career performance.
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Yet it is the teacher’s performance relative to the potential replacement that
matters. In the worst-case scenario, the supervisor would have to hire a rookie
every year to fill the slot. In that context, the right decision rule would be to
ask whether the teacher was likely to be more or less effective than an infinite
series of novice teachers. We find that even one year of value-added data can
substantially reduce the chance of making a mistake.

Unlike many debates in education, there is surprisingly little dispute about
the underlying facts. In most studies, the correlation in test-based measures of
teaching effectiveness between one school year and the next ranges between
0.35 and 0.50 in elementary grades, and it is somewhat higher in middle school
grades (where value added is based on multiple classrooms per teacher).
Such fluctuations are due to a number of factors, such as the finite number
of students in their classrooms in a given year. For instance, an elementary
teacher will have between fifteen and twenty-five students. With samples
that small, a few unusually rowdy or studious students can make a difference
from year to year.

A correlation as low as 0.35 can produce seemingly troubling statistics in
terms of year-to-year changes. For instance, only about one-third of teachers
ranked in the top quartile (highest 25 percent) of value added based on one
academic year’s performance would appear in the top quartile again the next
year. Moreover, 10 percent of bottom-quartile teachers (bottom 25 percent)
one year would appear in the top quartile the next.

Such instability in measures of performance is not unique to teach-
ing. In a wide range of settings, ranging from using SAT scores to predict
college GPA (Camara & Echternacht, 2000), surgical mortality rate at hos-
pitals (Dimick, Staiger, Basur, & Birkmeyer, 2009), to the batting averages
and earned-run averages for major league baseball players (Schall & Smith,
2000), annual performance measures show similarly low correlations, yet are
regularly used for high-stakes evaluation.'

We should be asking three key questions when trying to interpret value
added:

1. Does a Teacher’s Value Added One Year Predict Value
Added Over His or Her Career?
It would be troubling if the measures were so volatile that one year’s perfor-

mance does not predict future performance. But this is not true. Despite the
fact that annual performance of all teachers varies widely from year to year,
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this variation is not enough to hide large differences across teachers in their
underlying career performance. As the evidence presented below demon-
strates, value added from one year of teaching predicts large differences in
performance over the teacher’s career. For example, teachers ranked in the
bottom 25 percent based on a single year of value added will typically per-
form worse than an average rookie teacher over the remainder of their careers.
Averaging value added over two years of teaching predicts even larger differ-
ences in career performance.

2. Would Our Impression of a Given Teacher’s Performance
Change Wildly from One Year to the Next? Would We Simply
Be Whipsawing and Confusing School Administrators and
Teachers by Providing Them with Annual Performance Data?

This too would be troubling—if it were true. But beliefs about teacher perfor-
mance are cumulative. When provided with two years of value-added data, an
administrator should use the average over the two years, rather than focusing
solely on the most recent year. Why? Because the two-year average is a better
predictor of career performance. Yet, despite the volatility in single-year mea-
sures, teacher rankings based on cumulative estimates of teacher value added
change very little from year to year. For instance, in the districts we look at,
less than 1 percent of those who were in the top quartile of performance after
only one year of data would be in the bottom quartile over two years. Less than
4 percent would be in the bottom quartile over four years. Despite the volatil-
ity, there is a low probability that someone averaging performance over mul-
tiple years would change his or her mind about who is more and less effective.

3. Can Value Added Be Used to Improve Decision Making?

Would a single-year measure of performance lead to too many mistakes? It
is impossible to say without knowing the decision to be made and the costs
of different types of mistakes. Using the example of a principal deciding
whether to renew a new teacher’s contract for a second year, we show that not
renewing the bottom 25 percent of teachers based on one year of value added
would increase the chance of having a more effective teacher in the classroom
(and thereby reduce mistakes), even if the principal had to replace the incum-
bent teacher with a string of newly hired rookie teachers.

Our conclusion is that value-added measures are useful despite their
volatility. Test-based measures of a teacher’s effectiveness from one year do
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predict their effectiveness over their careers. Moreover, cumulative estimates
of teacher value added change very little over time and predict large career
performance differences. Finally, decision making improves when value
added is used in an appropriate manner.

The first section of this chapter develops a statistical model of teacher
impacts on student test scores in order to look at the issue theoretically. In
this section, we (1) define what we mean by a teacher’s underlying long-term
(career) performance, (2) show that the correlation with underlying long-
term performance is different from year-to-year correlation in annual perfor-
mance, (3) show how to easily calculate the correlation between any observed
measure and a teacher’s underlying long-term performance, and (4) argue that
the correlation with underlying long-term performance summarizes both the pre-
dictive power and risk of misclassification for any annual performance measure.

The second section provides evidence from three large districts in order
to look at the issue empirically. Rather than using data from the MET study,
which was only available for a small number of years, we use historical data
from three large anonymous districts with up to nine years of value-added
data for each teacher (required for estimating career value added). We report
on three types of analyses: (1) comparing differences in career value added
from ranking teachers on one year versus ranking them on career, and show-
ing what fraction of the total career differences you can capture with one
year; (2) showing how rankings on one year of value added misclassify teach-
ers in terms of their career value added (versus next year value added); and
(3) comparing the stability and predictive power of cumulative measures of
value added versus one-year measures of value added.

The third section looks at the issue of using value added in the context
of a simple decision-making problem under uncertainty. We consider the
problem facing a principal in deciding whether to renew a new teacher’s con-
tract for a second year. This problem can be thought of as having to choose
between two teachers (the incumbent teacher and the prospective new hire),
with the goal of choosing the teacher who will have a higher effectiveness
in the classroom over his or her career. Using this framework, we show that
most teachers who are in the bottom quartile in their first year of value added
will have lower value added over their careers than a typical new hire will.
The bottom 25 percent of teachers based on one year of value added will have
career performance worse than if their position were filled every year by a
new rookie teacher. In contrast, using a “legal” standard of only removing
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incumbent teachers if one is 95 percent certain that they are below average
results in mistakenly retaining teachers who have up to a 90 percent chance
of having worse value added over their careers than if one had filled the posi-
tions with new rookies each year. Relative to the current practice of identify-
ing only a small fraction of teachers as ineffective, our evidence suggests a
more aggressive policy of identifying at least the bottom quarter of teachers
as ineffective.

A STATISTICAL MODEL OF TEACHER IMPACTS

Suppose teachers did not differ in the degree to which their impacts on students
improved or declined over their careers. Rather, suppose their measured impact
on students were simply fluctuating randomly around their long-term average.’
If that were the case, we ask, what would the current (albeit imperfect) measure
of a teacher’s effectiveness tell us about his or her long-term effectiveness?

The above scenario would have two important implications: first, it would
mean that the estimated impact of a teacher in any given year or with any given
group of students is a noisy estimate of a teacher’s long-term impact on stu-
dent achievement; and, second, it would mean that one could estimate just how
much noise there is in any given year by observing the correlation in estimated
impacts from any two years. In particular, the correlation between any current
measure of value added and the expected long-term effectiveness is simply the
square root of its correlation with another single year of value added. The only
requirement is that the two annual value-added measures are estimated for dif-
ferent classrooms of students, so that the errors are independent.

To see why the square root of the year-to-year correlation is an estimate
of the year-to-career correlation in value added, consider the following sim-
ple model. Suppose the short-term measure of a teacher’s value added can be
expressed as T,=a + ¢, where i is a subscript for teacher and j is a sub-
script for school year or classroom of students, a; is the effect of that teacher
over the long term, ¢, is a transitory error in measurement that is uncorre-
lated for different values of j and unrelated to . (This simple model supposes
that there’s a “fixed” teacher effect, which does not drift or evolve over time.)
Then, the correlation between Tij and a, can be written as:

pTij % o
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The latter term is the square root of the correlation between the short-term
measure for two different school years or distinct groups of students, j and k.

The intuition for this result is fairly simple. The year-to-year correlation in
value added is based on two noisy estimates of a teacher’s underlying career
performance, that is, it is the correlation between one noisy measure from this
year and another noisy measure from the next year. Because both this year’s
and next year’s value-added measures are noisy, the correlation between the
two tends to be low. However, the year-to-career correlation should be greater
than the year-to-year correlation because it is based on only one noisy esti-
mate, that is, it is the correlation between one noisy measure from this year
and the teacher’s actual career performance (not a noisy estimate from next
year). Thus, for example, if the year-to-year correlation is 0.36, taking the
square root implies a larger year-to-career correlation of 0.6. The year-to-
year correlation is misleading in that it suggests that this year’s value added is
only weakly related to a teacher’s future performance, while in fact it is only
weakly related to the teacher’s noisily measured performance from next year
and is more strongly related to the teacher’s career performance.

The estimated correlation of annual value added with long-term effec-
tiveness captures the two things we most care about in any measure: predic-
tive power and the risk of putting teachers in the wrong categories using the

measure.

Predictive Power Suppose we were to use an annual measure of value added to
identify teachers with more effective and less effective practice. The difference
in expected long-term student achievement gains for those in the two groups will
be proportional to the correlation with long-term value added. This is what we
mean when we say it is a measure of predictive power. For example, if we rank
teachers into quartiles based on one year of value-added data, a year-to-career
correlation of 0.6 implies that the difference in career value added between top-
and bottom-quartile teachers will be 60 percent as large as it would be if we
ranked teachers into quartiles based on actual career value added. Thus, a year-
to-career correlation of 0.6 implies that we can capture 60 percent of the poten-
tial differences in career value added with just one year of value-added data.

Miscategorization The estimated correlation with long-term effectiveness is
also an indirect measure of the risk of misclassifying those with different long-
term effectiveness based on short-term measures. Under the assumption that
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the distribution of effectiveness is bell-shaped, the difference in the probability
that a teacher in either group is above or below some threshold in long-term
effectiveness is proportional to the correlation with long-term effectiveness.’
In fact, the difference in the probability that a top- or bottom-quartile teacher
on any given measure has above (or below) average value added in the long
term is approximately equal to the measure’s correlation with long-term effec-
tiveness. For example, if we rank teachers into quartiles based on one year of
value-added data, a year-to-career correlation of 0.6 implies that a top-quartile
teacher will have a 60 percent greater chance than a bottom-quartile teacher of
having above average value added over his or her career.

The hypothetical scenario in which teachers’ underlying effectiveness
does not change over their careers is unlikely to be exactly true. However, the
evidence in Chetty, Friedman, and Rockoff (2013) and Goldhaber and Hansen
(in press) suggest it is not far off as an approximation. Therefore, it will be an
empirical question as to whether this approximation is a good guide in prac-
tice, that is, whether the square root of the year-to-year correlation in value
added is approximately equal to the year-to-career correlation—an empirical
question to which we now turn.

EVIDENCE FROM THREE LARGE DISTRICTS

To explore the implications of volatility, we used actual data on teacher-level
“value added” from three large districts. Estimating a teacher’s career value
added requires many years of value-added data. Therefore, rather than using
data from the MET study, which was only available for a small number of
years, we use historical data from three large anonymous districts with up
to nine years of value-added data for each teacher. Each of the districts had
a large sample of teachers in grades 4 through 8 teaching ELA and math, for
whom we could estimate between six and nine years of value-added data.
We used standard methodology for calculating teacher value added using
student achievement, including statistical controls for each student’s perfor-
mance on state tests from the prior school year as well as controls for gen-
der, race, ethnicity, free or reduced-price lunch status, and the means of all
the above characteristics for the other students in the class. In each year, we
average value-added estimates over all the classrooms taught by a teacher
(typically, one classroom in elementary grades and two to five classrooms in
middle grades).
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Comparing Year-to-Year and Year-to-Career Correlations

In the first row of Table 5.1, we report the year-to-year correlations for the
three districts in ELA and math. These correlations are typical of what is seen
in the literature, ranging from 0.25 to 0.62, with higher year-to-year correla-
tions in math than in ELA. The second row of Table 5.1 reports the implied
year-to-career correlations, that is, the square root of the first row. These are
predictably larger than the year-to-year correlations, and range from 0.50 to
0.78. More important, they are almost identical to what we obtain when we
calculate actual year-to-career correlations, reported in the third row of Table
5.1. These are based on correlating single-year value added with a teacher’s
average value added over his or her entire career. All of the teachers in the
sample have six to nine years of value-added data, with the average career
value added being based on 6.7 to 7.6 years of data (in the bottom row of
the table). Thus, the square root of the year-to-year correlation is an excellent
guide to the correlation one will actually observe between one year of value
added and value added over the teacher’s career.

The results in Table 5.1 highlight the importance of the distinction
between year-to-year and year-to-career correlations in value added. All of

Year-to-Year Versus Year-to-Career Correlations

Math ELA

District 1 District 2 District 3 District 1 District 2 District 3

Correlation of value added:

Year-to-year 0.42 0.62 0.47 0.27 0.48 0.25

Implied year-to-career ~ 0.65 0.78 0.69 0.52 0.69 0.50
(square root)

Actual year-to-career  0.65 0.78 0.70 0.55 0.71 0.57
Number of teachers 2832 3984 377 2640 4197 370
Average number of 7.2 6.7 7.5 7.1 6.7 7.6

years per teacher
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the debate has focused on the low year-to-year correlations. However, Table
5.1 demonstrates that the actual year-to-career correlations are much higher.
Thus, annual value-added measures are a fairly powerful predictor of a teach-
er’s career performance, despite low year-to-year correlations in value added.
Moreover, as theory would suggest, in the absence of data on career value
added, the square root of the year-to-year correlations is a useful way of esti-
mating the year-to-career correlation.

In Figure 5.1, we show the average difference in career value added for
math teachers sorted into quartiles based on one year of value added in District
1 (blue bars). For comparison, we show the difference in career value added
when we sort the same math teachers into quartiles based on their career value
added (red bars)—the best we could do. One year’s ranking identifies 65 per-
cent of the eventual difference in career value added that we could eventually
identify, that is, the difference in career value added between the highest and
lowest quartile rank based on one year of value added is 65 percent of the best
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case (ranking based on career value added). This is perfectly consistent with a
year-to-career correlation in value added of 0.65 for math in District 1. Results
are very similar for other subjects and districts. Thus, the year-to-career corre-
lation is an excellent guide to the predictive power of one year of value added.

Do Rankings on One Year of Value Added Misclassify Teachers in Terms of
Their Career Value Added? In Tables 5.2, 5.3, and 5.4, we provide evidence
of how badly a single year of value added misclassifies teachers in terms of
their career performance. In Table 5.2, we show how teachers ranked in the bot-
tom 25 percent based on one year of value added rank on career value added.
For each district and subject, we report the percent of these teachers, all of
whom were ranked in the bottom 25 percent based on one year of value added,
who ranked in each quartile based on their career value added. For example, for
math in District 1, 55 percent of the teachers ranked in the bottom quartile on
one year of value added turned out to be in the bottom quartile over their entire
careers, and 82 percent (55 percent + 27 percent) were below average over their

Misclassification Rates for Teachers in Bottom 25 Percent
on One Year of Value-Added Data

Teacher Ranked in Bottom 25% Based on
One Year of Value Added Data

Math ELA

District 1 District 2 District 3 District 1 District 2 District 3

% of teachers falling in each quartile of
career average value added (6+ years)

bottom quartile 55% 65% 59% 48% 60% 50%
2nd quartile 27% 25% 27% 27% 26% 27%
3rd quartile 13% 8% 11% 17% 10% 16%

top quartile 5% 1% 3% 8% 4% 7%
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Misclassification Rates for Teachers in Bottom 10 Percent
onh One Year of Value-Added Data

Teacher Ranked in Bottom 10% Based on
One Year of Value Added Data

Math ELA

District 1 District 2 District 3 District 1 District 2 District 3

% of teachers falling in each quartile of
career average value added (6+ years)

bottom quartile 67% 81% 70% 61% 76% 61%
2nd quartile 22% 15% 20% 22% 16% 23%
3rd quartile 8% 4% 8% 12% 6% 11%
top quartile 3% 1% 1% 5% 2% 5%

careers. In contrast, only 5 percent of these teachers ended in the top quartile
over their careers. Results for other districts and subjects are similar. Note that
for math in District 1, the difference between the percentage below average (82
percent) and the percentage above average (18 percent) is 64 percent, which is
very close to the year-to-career correlation reported in Table 5.1, as predicted
by our statistical model. Thus, while there is some misclassification, rankings
based on one year of value added have only modest amounts of misclassifica-
tion that are in line with the simple estimate of year-to-career correlation.
Tables 5.3 and 5.4 repeat this analysis, but limiting the sample to teach-
ers who performed in the bottom 10 percent and 3 percent based on a single
year of value added. These tables might be more representative of real-world
practice, where only a small percentage of the worst-performing teachers are
being identified for dismissal or as needing improvement. Teachers ranked
in the bottom 10 percent or 3 percent of one-year value added are even
more likely to be in the bottom quartiles over their careers. Of the teachers
ranked in the bottom 3 percent based on one year of value added, only 2 to
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Misclassification Rates for Teachers in Bottom 3 Percent
onh One Year of Value-Added Data

Teacher Ranked in Bottom 3% Based on
One Year of Value Added Data

Math ELA

District 1 District 2 District 3 District 1 District 2 District 3

% of teachers falling in each quartile of
career average value added (6+ years)

bottom quartile 75% 91% 81% 71% 86% 70%
2nd quartile 18% 7% 12% 17% 9% 18%
3rd quartile 4% 2% 5% 8% 4% 11%
top quartile 3% 0% 2% 3% 1% 1%

12 percent (depending on district and subject) rank above average on career
value added, and 3 percent or less rank in the top quartile over their careers.
Thus, teachers in the tails of the distribution on one-year value added are rela-
tively unlikely to be miscategorized in terms of their career performance.

Comparing the Stability and Predictive Power of Cumulative
Measures of Value Added

Does Early-Career Performance Predict Later Performance? In Tables 5.5
(District 2) and 5.6 (District 1), we limit the sample to those teachers with
value-added data during their first through fourth years of teaching (in District
3, samples were too small for this analysis). We first sort teachers into quar-
tiles using their value added during their first year of teaching. We also do so
using their value added averaged over their first two years of teaching. The
first column reports the mean value added of each group during their third and
fourth years of teaching. In District 2, those with math value added in the top
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quartile during their first year of teaching led students to a performance 0.14
standard deviations above similar students during their third and fourth years of
teaching. Those with value added in the bottom quartile during their first year
had students with value-added gains 0.14 standard deviations below similar
students during their third and fourth years. In other words, value-added data—
even from the first year of teaching—does help predict student achievement
gains in future years. In fact, the stakes involved in being assigned a third- or
fourth-year teacher who had performed in the top versus bottom quartile during
his or her first year of teaching are quite large—roughly a quarter of a standard
deviation (approximately a quarter of the black-white achievement gap).

The predictive value increases somewhat by averaging over the first two
years of teaching. For instance, those who were in the top quartile after
two years had students with gains 0.17 standard deviations above similar stu-
dents during their third and fourth years, while those who were in the bot-
tom quartile after two years watched their students lag behind —0.18 standard
deviations during their third and fourth year. Instead of a .28 standard devia-
tion difference, there’s a 0.35 standard deviation difference between those
assigned a top or bottom quartile teacher as ranked at the end of their first
two years of teaching.

All these differences were somewhat smaller in reading. (Researchers
commonly find larger teacher effects on math achievement.) They are also
somewhat smaller in District 1 (Table 5.6) than in District 2 (Table 5.5).
However, the same two findings hold true: First-year teacher performance
does predict future performance. And combining data over the first two years
increases the predictive value somewhat.

Does Cumulative Performance Change Over Time? In the subsequent col-
umns in Tables 5.5 and 5.6, we report the percent of teachers appearing in
each quartile of value added when another year’s worth of value-added data are
added. As noted above, one gains predictive power by averaging the measures
over more than one year. How much would those measures change when aver-
aging in another year? Among those who were in the first quartile at the end
of their first year of teaching, 71 percent were in the top quartile over the first
two years of teaching. Less than 1 percent appeared in the bottom quartile over
the first two years of teaching. In fact, only 5 percent of those who started out
in the bottom quartile at the end of their first year would appear in the top half
over two years.
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Stability of Teacher Value Added Rankings in District 2

Percent in each quartile on a cumulative career
value-added measure the following year

Value added
in 3rd and Top 2nd 3rd Bottom
4th year quarter quarter quarter  quarter
Math

Ranking after 1st year

top quarter 0.14 71% 24% 5% 0%
second quarter 0.03 23% 44% 28% 5%
third quarter -0.05 5% 27% 44% 24%
bottom quarter -0.14 0% 5% 23% 71%
Ranking after 2nd year

top quarter 0.17 80% 18% 1% 0%
second quarter 0.03 15% 60% 25% 0%
third quarter —0.06 2% 22% 56% 20%
bottom quarter -0.18 0% 0% 18% 82%

Reading

Ranking after 1st year

top quarter 0.08 67% 25% 7% 1%
second quarter —0.01 23% 44% 28% 5%
third quarter -0.04 9% 24% 41% 26%
bottom quarter —0.06 2% 7% 24% 68%
Ranking after 2nd year

top quarter 0.09 77% 21% 2% 0%
second quarter 0.01 24% 54% 22% 0%
third quarter -0.03 5% 25% 54% 16%

bottom quarter -0.11 1% 1% 18% 79%
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Stability of Teacher Value Added Rankings in District 1

Percent in each quartile on a cumulative career
value-added measure the following year

Value added
in 3rd and Top 2nd 3rd Bottom
4th year quarter quarter quarter  quarter
Math

Ranking after 1st year

top quarter 0.10 68% 21% 9% 2%
second quarter 0.04 23% 42% 29% 5%
third quarter 0.01 7% 28% 37% 28%
bottom quarter -0.03 2% 9% 25% 65%
Ranking after 2nd year

top quarter 0.14 76% 20% 4% 0%
second quarter 0.05 18% 52% 27% 3%
third quarter 0 3% 22% 53% 22%
bottom quarter —-0.08 0% 3% 15% 83%

Reading

Ranking after 1st year

top quarter 0.05 63% 29% 7% 1%
second quarter 0.04 27% 38% 28% 8%
third quarter 0 7% 28% 43% 22%
bottom quarter —-0.04 3% 6% 22% 69%
Ranking after 2nd year

top quarter 0.07 77% 19% 4% 0%
second quarter 0.03 22% 44% 32% 3%
third quarter 0.01 4% 5% 7% 4%

bottom quarter -0.05 1% 1% 2% 1%
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The impact of adding another year’s worth of data is even smaller after two
years. Eighty-two percent of those in the bottom quartile after two years would
appear in the bottom quartile after three years. Less than 1 percent of those in
the bottom quartile after two years appeared in the top half over three years.

Overall, Tables 5.5 and 5.6 suggest that accumulated value-added estimates,
averaged over a teacher’s career to date, are better predictors of future value
added and are considerably more stable than single-year value-added estimates.

USING VALUE ADDED: DECISION
MAKING UNDER UNCERTAINTY

Would a single-year measure of performance lead to too many mistakes? It is
impossible to say without knowing the decision to be made and the costs of
different types of mistakes.

More than two centuries ago, Daniel Bernoulli wrote a famous paper
on the dilemma facing an 18th century merchant when deciding whether or
not to insure a ship’s cargo in winter, given the probability of an accident
(Bernoulli, 1738). Since that time, a rich theory of decision making under
uncertainty has been elaborated. In this section, we apply a simple decision-
theoretic model to employment decisions at schools.

Consider the following hypothetical example: Suppose that an elemen-
tary school principal learns that an experienced teacher she recently hired
completes her first year with measured effectiveness in the bottom quartile.
It is only a single year of teaching and, as we’ve seen, one year is an imper-
fect signal of a teacher’s likely career performance. The principal faces a
dilemma: Should she renew the teacher’s contract for a second year?

First, note that there is no such thing as a low-stakes decision. Whether
she retains the teacher or replaces the teacher, there are consequences for two
adult teachers (the incumbent who may be looking for work and a prospec-
tive replacement teacher who will be relieved to have finally found a job) and
twenty-five youngsters who will be in the classroom.

Second, note that the principal is not assessing the performance of one
teacher, but two: the incumbent teacher and, implicitly, the prospective
replacement teacher. If the principal knows the potential replacement, she
could compare the two teachers’ recent performance. However, even if the
principal does not know the potential replacement, she is not completely in
the dark. Even if the principal will be required to take whomever the district’s
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human resource department sends her, the distribution of possible outcomes
is the distribution of career value added for all teachers. The expected value
of the teachers’ career effectiveness is simply the mean career effectiveness
across teachers. And the probability of different outcomes is reflected in the
distribution of career effectiveness across all teachers.

In Figure 5.2, we report the distribution of career average achievement
gains for those who appeared in the bottom quartile in a given year. We com-
pare it to the distribution of career average achievement gains for all teachers.
The vertical lines represent the 25th, 50th, and 75th percentiles in career value
added for all teachers.

What is the probability that a principal and her students will end up hav-
ing a highly effective teacher in the future? That depends on the difference
in the probability that the incumbent and the replacement teacher are highly
effective. According to Table 5.2, if the incumbent teacher was in the bottom
quartile one year, there is only a 4 to 8 percent chance that the teacher will
turn out to be in the fop quartile at the end of six or more years. But the likeli-
hood that a randomly drawn replacement teacher will be in the top quartile is
considerably higher—25 percent.

Distribution of Career Value Added:
In Bottom Quartile in a Given Year versus Full Distribution
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Which decision maximizes the chance that students have access to a
top-quartile teacher? On the one hand, if the principal keeps the incumbent
and foregoes the opportunity to hire a replacement, she has a 4 to 8 percent
chance that the teacher is highly effective. On the other hand, if the princi-
pal chooses the replacement teacher, she has a 25 percent chance of having
a top-quartile teacher. Therefore, the more concerned a principal is about the
prospect of losing a great teacher, the more likely he or she will be to hire the
replacement teacher and replace the incumbent.

Whenever a school leader has to make a decision based on a single year
of data, he or she runs the risk of falsely identifying a great teacher as inef-
fective. On the one hand, once a teacher has a poor track record—even on an
imperfect measure—that teacher has lower odds of being a great teacher than
does a replacement teacher drawn at random. On the other hand, if a teacher
has a strong track record, then he or she has higher odds of being a great
teacher than an unknown replacement teacher does.

The Expected Impact If the Principal Must Hire a Novice
Teacher as the Replacement

How might the principal’s decision differ if she knew that there were no expe-
rienced teachers available, that the only available replacements will be novice
teachers right out of graduate school? In that case, the appropriate comparison
would be to the expected effectiveness of the average novice teacher. Many
researchers have studied the difference in effectiveness between the average
novice teacher and other experienced teachers. Most of that research suggests
that the students assigned to the average novice teacher lose 0.06 to 0.08 stan-
dard deviations in achievement during the teacher’s first year of teaching rela-
tive to similar students assigned to the average teacher.

Note that the principal’s best prediction of the bottom-quartile incum-
bent teacher’s achievement gain (about —0.10 standard deviations, based on
Figure 5.2) is still lower than the expected achievement gain of the aver-
age novice (—0.06 to —0.08) standard deviations. The principal could expect
to raise fourth grade performance by 0.02 to 0.04 standard deviations next
year by replacing the teacher and taking a chance with a novice. Admittedly,
that’s not a large difference. However, the principal could expect within two
or three years that the average novice’s achievement gains will converge
toward that of the average teacher and the gap would be back to 0.10 stan-
dard deviations.
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In sum, at least in terms of expected impact on students, the incumbent
teacher in our example has a serious disadvantage with respect to any poten-
tial replacement teacher. On average, when ranked on just one year of value-
added data, teachers in the bottom quartile will typically perform worse than
a novice teacher over their entire careers. Even a single year of performance
in the bottom quartile means that a teacher is a worse bet than an unknown
teacher with a clean slate, even if that replacement is a novice teacher. While
this conclusion may be surprising to some, it derives directly from the strong
year-to-career correlation in value added (along with large differences in
career performance across teachers). An alternative strategy for the princi-
pal would be to target bottom-quartile teachers for professional development
and in-service training. However, such training would have to be much more
effective than traditional professional development, given that bottom-quartile
teachers otherwise would perform worse than rookies and have little chance
of being highly effective over their careers.

Presumed Average Until Proven Below Average?

Many analysts have sought to apply the framework of classical hypoth-
esis testing to making employment decisions with imperfect information
(Baker, Barton, Darling-Hammond, Haertel, Ladd, Linn, Ravitch, Rothstein,
Shavelson, & Shepard, 2010; Hill, 2009; Schochet & Chiang, 2010). They
argue that a high-stakes decision can be justified only when a teacher’s per-
formance is statistically significantly different from average. In effect, they
would establish a “no deny zone” (and, presumably, a “no bonus zone”) by
adding and subtracting two times the standard error of measurement to the
average teacher’s performance. Within that range, no teacher would be statis-
tically different from the average teacher. As a practical matter, given the size
of standard errors of measurement, such a span would include most of the dis-
tribution of teachers and leave only the extreme tails uncovered.

However, many employment decisions—such as the retention decision—
do not fit the classical hypothesis-testing framework. The classical hypothesis
test was designed for a specific type of decision: when the costs of rejecting a
true hypothesis are paramount and the cost of failing to reject a false hypoth-
esis are secondary. In many areas of science, it makes sense to assume that
a medical procedure does not work, or that a vaccine is ineffective, or that
the existing theory is correct, until the evidence is very strong that the start-
ing presumption is wrong. That is why the classical hypothesis test places the
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burden of proof so heavily on the alternative hypothesis and preserves the null
hypothesis—in our case, that the incumbent teacher is presumed effective—
until the evidence is overwhelmingly to the contrary.

In the case of a retention decision, that would be inappropriate. To be sure,
there are costs to failing to retain an effective teacher (that is, mistakenly reject-
ing the presumption that a teacher is effective). A poor decision with an incum-
bent teacher can have a negative effect on morale. Parents may complain. An
incumbent teacher may be more likely to pursue legal action than a prospective
teacher who was passed over. However, these costs are not overwhelmingly
larger than the cost of retaining an ineffective teacher—a decision whose costs
are borne primarily by the students. This is especially true in the case of a ten-
ure decision, when an ineffective teacher is granted decades of job security in
teaching children. Indeed, the classical hypothesis-testing framework would be
especially inappropriate in a tenure decision, given that the cost of failing to
reject a false hypothesis (that the teacher is effective) is likely to be larger than
the cost of rejecting a true hypothesis.

In Figure 5.3, the horizontal axis reports the percentile of each teach-
er’s value added from one year. The vertical axis reports two types of
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statistics. The blue lines report the top and bottom points for the 95 percent
confidence interval (CI) for a representative teacher in each percentile. The
red lines report the 25th, 50th, and 75th percentile of the career value added
of the teachers in each percentile. (These data represent actual career aver-
age value added for teachers in the three districts for whom we could calculate
value added for more than six years. These are not simulations.) We have also
noted in the graph the average value added of a novice teacher in the district,
which was —0.08 student level standard deviations. Value added is reported
relative to the gain achieved by the average teacher in the district. (By defini-
tion, the average teacher’s value added is 0.)

First, focusing on the upper and lower bounds of the 95 percent confi-
dence interval (the blue lines), note that the 95 percent confidence interval
for teachers in the bottom percentile includes 0. (The upper bound of the 95
percent confident interval is above O for every percentile.) In other words,
although there may be teachers within the bottom 1 percent of teachers who
are “statistically significantly” worse than average, the average teacher in the
bottom 1 percent is not. Similarly, only a few percentiles of teachers at the top
of the distribution in single-year value added are “statistically significantly”
better than average (that is, the curve for the lower bound of the 95 percent
confidence interval rises above 0.)

Second, focusing on the distribution of actual career value added in
each percentile (the red lines), note than almost 75 percent of the teach-
ers in the bottom 1 percent on single-year value added had career value
added below —0.25. Neal and Johnson (1996) found that an entire year of
schooling produces a 0.25 standard deviation in test gains for the typical
student. In other words, 75 percent of the teachers in the bottom 1 percent
caused students to fall behind by the equivalent of a whole year while the
students were in their classrooms. At the other extreme, for teachers with
single-year value added in the top 1 percent, 75 percent of such teachers
had career value added above 0.25. In other words, the average students
in their classes were achieving two years’ worth of achievement gains in a
single year.

In the preceding, we proposed using “better than the average novice
teacher” as the threshold for a retention decision. Figure 5.3 further illustrates
the implications of such a rule. Note that median career value added is equal to
the average value added of a novice teacher for teachers in the 25th percentile.
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In other words, 25 percent of teachers would fail the “better than the aver-
age novice” test based on a single year of value added, depending on the dis-
trict. For teachers with single-year value added at that threshold, we could not
reject the hypothesis that the teacher was equivalent to the average teacher.
(Zero is contained within the 95 percent confidence interval for such teach-
ers.) However, even though we could not pass the classical hypothesis-testing
threshold, 75 percent of such teachers had career value added worse than the
average teacher! (The 75th percentile of the career value added for teachers at
that point in the horizontal axis is less than 0.)

What is a “mistake” in the context of a tenure decision, and how do the
two rules compare in terms of mistakes made? A supervisor would be mak-
ing a mistake whenever a tenure offer is made to a teacher whose career
value added is below that of a novice teacher. In such cases, students would
have been better off if the principal committed to hire a rookie teacher to fill
the slot every year. (This is a conservative estimate. In principle, a supervi-
sor could do even better by promoting and retaining the successful future
rookies.) When a teacher’s single-year value added is at the 25th percentile,
the likelihood of making a mistake is 50-50. When a supervisor offers ten-
ure to a teacher below the 25th percentile, the chances of a mistake rise. For
instance, at approximately the 10th percentile, more than 75 percent of teach-
ers will have career value added worse than the average novice. Yet, the 10th
percentile teacher is not “statistically significantly” different from the aver-
age teacher.

An example from another field may be useful. Suppose you have had a
heart attack and an ambulance arrives to transport you to a hospital emer-
gency room. You can go to one of two hospitals, Hospital A or Hospital B.
At Hospital A, the mortality rate for heart attack patients is 75 percent. At
Hospital B, the mortality rate is 20 percent. Of course, these mortality rate
estimates are subject to fluctuation. But suppose you knew that among hos-
pitals of this size that had 75 percent mortality, you had a 90 percent chance
that they were better than average over the long run, while the hospital with
20 percent mortality only had a 10 percent chance of being better than aver-
age. Suppose neither rate is “statistically significantly” different from average.
In other words, there was not a sufficient number of admissions at either hos-
pital to make the evidence overwhelming that Hospital A is better than aver-
age or that Hospital B is worse than average. Would you truly be indifferent
which hospital the ambulance driver chose?
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CONCLUSION

Our results challenge the claim that year-to-year volatility in value-added
measures is prima facie evidence against their use. While value-added mea-
sures are unreliable by conventional standards and unstable over time, they
are strong predictors of an individual teacher’s career performance and thus
can be used to improve decision making.

Our analysis has three key implications for practice:

Year-to-year instability in value added and other teacher performance
measures is misleading. One should instead focus on the correlation
between annual performance measures and career performance, which is
equal to the square root of the year-to-year correlation.

Annual value-added measures are a fairly powerful predictor of a teach-
er’s career performance, despite low year-to-year correlations in value
added. The year-to-career correlations for value-added measures are in the
range of 0.5 to 0.8.

The classical hypothesis-testing framework, which presumes that a
teacher is “average until proven below average,” identifies too few teach-
ers as ineffective. Instead, we suggest using whether a teacher’s expected
career value added lies below a given threshold, such as the performance
of a typical novice. Based on this standard, teachers ranked in the bottom
25 percent of annual value added would be expected to perform below the
novice level over the course of their careers.

Schools are unaccustomed to differentiating between teachers. It would be
difficult to implement a new teacher evaluation system, even if performance
could be measured perfectly. The manifest imperfection of the measures
makes a difficult implementation even more difficult.

Not surprisingly, many districts have chosen to use teacher performance
measures cautiously. The “average until proven below average” criterion is
designed to protect the interests of incumbent teachers, just as “innocent until
proven guilty” is designed to protect the liberty of the accused in our legal
system. However, if the paramount goal were to raise student achievement,
to maximize the chance that all students have an effective teacher, and to be
fair to both prospective novice teachers as well as incumbent teachers, school
systems would be using a different standard. For example, promoting only
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those teachers who have expected effectiveness higher than the average novice
teacher would lead to very different decisions and a different set of outcomes
for students. Most teachers with single-year value added in the bottom quar-
tile will not be “statistically significantly” different from average achievement
yet will perform at levels below a novice teacher throughout their careers. The
classical hypothesis-testing framework, which presumes that a teacher is “aver-
age until proven below average” is simply inappropriate for such decisions.

NOTES

1. See Goldhaber and Hansen (in press) and Sturman, Cheramie, and Cashen (2005) for a sum-
mary of other examples.

2. The key assumption here is that the errors in measurement are independent across differ-
ent time periods and with different groups of students, and that the errors are unrelated to a
teacher’s long-term effectiveness. This also implies that there is no gradual “drift” in effec-
tiveness. It is straightforward to allow for drift, for example, to let underlying teacher effec-
tiveness follow a statistical model such as an auto-regressive process. This would have little
impact on the analyses we present here.

3. We have demonstrated this by simulation.
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