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This document contains four appendices: A data appendixdAg¢chnical appendix (B),
a discussion of Monte Carlo analyses of my proposed testsaft@) an appendix describing
additional specifications that were not included in the niaxh (D).

A Data

This appendix describes the construction of the samplakingbe paper. | begin with records
on all students who were enrolled in 5th grade in North Caeopublic schools in 2000-2001.
From this universe, | exclude students with inconsistengitudinal records (i.e., “male” in
some years and “female” in others, amounting to less than fltegpopulation); those who
cannot be matched to 4th grade records from 1999-2000, peldecause they skipped a grade
or switched from private school (10%); those who cannot bicheal to a 5th grade teacher or
for whom the 5th grade test administrator is not a valid teaels defined in the text (24%);
those whose 5th grade class has fewer than 12 included $sudén); and those whose ele-
mentary school contains only a single included 5th gradesd@%). This leaves me with a
sample of 60,740, 61.3% of the initial population. | refethis sample as the “base” sample.
Each of my analyses uses subsets of this sample that havdaterdata on test scores and
teacher assignments for enough grades to permit the analgsstudent might be excluded
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from the analytical subsample for a particular analysisabse there is no record in one of
the necessary grades; because there is a record but nodestlsecause the student changed
schools between grades; because she could not be matchedlid geacher in each of the
required grades; because she was the only otherwise-ustabllent from her class in one or
more grades; because there was only one included classstha®l in one or more grades; or
because the school did not shuffle students adequately &etyrades, leading to collinearity
between the classroom assignments in one year and thoseeinyatars. Appendix Table Al
describes the samples used in Columns 1-4 of Tables Il arficeBytiiring complete test histories
from grades 3-5 and teacher assignments in grade 5); in @al&¥8 of those Tables (also
requiring valid teacher assignments in 4th grade); and bieT® (requiring in addition 3rd
grade teacher assignments and scores from the beginnig-agrade tests).

Appendix Table A2 reports statistics on mixing of classredmetween 4th and 5th grades.
This uses a somewhat different sample than other tablesjstimg of all students with valid
records and valid teacher matches in both grades 4 and 5 whwotlswitch schools or make
abnormal progress between grades. Using this sample, t teinumber of 4th grade classes
at the school, and | compute for each student the fractiomiobth grade classmates who were
also in her 4th grade class. | average this over the full saraptl over subsamples defined by
the number of 4th grade teachers at the school. | also igestiifools where dummies for tkig
4th grade teachers adg 5th grade teachers have rank less than Js — 1, indicating perfect
collinearity of at least one teacher assignment with theersthand re-compute the statistic
excluding observations from those schools.

B Technical Details

This appendix provides more detail on some of the computstimdertaken in the paper.

B.1 School-level normalizations

As discussed in the text, each of my regressions included &iects for the school attended,
and coefficients on teacher indicators are normalized te haean zero at the school level. This
normalization is easiest to describe if the sample conefataly a single school. L€t be an
N-by-J matrix of indicators for having been taught by each of dhieachers in a particular



grade at that school. Many of my regressions take the form
y=a+Tp+e. (B.1)

Let S= [1T] be the data matrix formed by augmenting thenatrix with a column of ones.
Because each student has exactly one tea8!8iras rankl, so not all of thel + 1 coefficients in

o andp can be separately identified. Suppose, without loss of gétyethat the last element of
T is dropped. Leb be the estimates of the remaining elementg cdnd letv;, be the estimated
sampling variance-covariance matrix for Form[? = (6’ 0)/, and letV be the corresponding

variance matrix,
Vpy O
v=|[ ° |, (B.2)
o) 0

where Q is a column vector of zeros.

Let n be aJ-vector with elementsj, wheren; is the number of students taught by teacher
J. Then the weighted average elemenfioﬁ/veighting each teacher by the number of students
taught, can be written aé = (n’lj)_ln’ﬁ (where 3 is a J-vector of ones), and the vector
ﬁ—ﬁ = (IJ -1 (n’lJ)’ln’) [§ = D[? has weighted mean zero across teachers. The sampling

variance matrix for the normalized coefﬁcier]ﬁ&ﬁ is simplyDVD'. This has rank — 1.

The extension of this procedure to samples spanning mampkcis straightforward. Sup-
pose that the teacher indicators are ordered, so that thé;fteme from school 1, the ned
from school 2, and so on. L& be the full vector of estimated coefficients with the coedindi
for the final teacher at each school (i.e the (31 + J2), etc., elements qﬁ) set to zero, and
let V be the sampling variance matrix (with rows and columns obg&orresponding to the
zero elements q@). Finally, letDs be theJs-by-Js demeaning matrix for schos] computed as
described above. Then the demeaning matrix for the full $amlock diagonal:

D, 0 --- O
0 D, --- O

=1 . . . . (B.3)
0 0 --- Dg

As before, the demeaned vector of coeﬁicientﬁ)ﬁ; and the variance-covariance matrix is
DVD'. This variance-covariance matrix has rank equgf4ds— S.



B.2 Sampling-adjusted standard deviations

For many of the models considered in the paper, | report tredsird deviation across teachers
of the teacher coefficients. Létbe aJ-vector of coefficients, normalized as described above
within each ofSschools, leV be the variance-covariance matrix, andiée a vector of student
counts.

The (weighted) variance of teachers’ estimated effects is

var () = rlsé’diag{ﬁ} . (B.4)
where diad fi} is theJ-by-J matrix with diagonal elemerjtequal tohj/n (wheren = (1’1)’1 1'n)
and zeros off the diagonal. Note that this incorporates aegsgof-freedom adjustment for the
school-level normalization.

This overstates the variance that would be obtained in anitelfy large sample. Lef be
the plim of 8, under the fixed} asymptotics described in the text, andfet 6 + u, whereu is
sampling error ané [uu/] =V. This suggests that we can write the variance of the “truet ¢
sampling error) effects as vet) = var(é) —var(u), where these variances are computed across
the elements 06 and weighted by. The var(é) term is estimated as described above.(uar
is estimated a$JrT)_1zj njvjj, wheren= (11) '1'n, as above, an;j is the jth diagonal
element ol.

B.3 Computation of regressions with teacher indicators fomultiple grades
when there are no covariates

Several of the specifications used here include indicatoreachers in several grades simulta-
neously. The correlated random efffects analysis is tha maslved, with indicators for 3rd,
4th, and 5th grade teachers in the same regression (eq(a4ipn

AAiz = TizTs+ TiaTuz+ TisTh3+ €3i3 (B.5)
DAy = TizTBa+ TiaTus+ TisTha+ €3ia. (B.6)

Two computational challenges arise. First, not all of theoefficients can be separately com-
puted. The particular problem arises because (as discbssad) | restrict the sample to stu-
dents who do not change schools. The fitted values of thessigres would be unchanged
were we to add a constanto each element of they, corresponding to a teacher at a particular



schoolj and subtract the same constant from the similarly-definechehts ofri, for some
k# g. As a result, the mean afy, across all teachers in gradeat schoolj cannot be sepa-
rately identified. | augment (B.5) and (B.6) with school icatiors, then select one teacher in
each grade at each school to exclude from the regreskiainsat the excludedr coefficient as
zero, with sampling variance zero. After estimating the@sgion, | normalize the coefficients
of (B.5) and (B.6) to have mean zero across teachers in eacte git each school, using the
procedure described above.

The second issue derives from the sheer size of the regne&sien after excluding the over-
identified coefficients, each of thig vectors has over 2,200 elements, and the full regression
(after dropping redundant indicators) has 5,501 regres$dumerical inversion of a matrix of
this dimension may introduce inaccuracies. By focusingampes of students who do not
switch schools | can simplify the computation. Re-orderittiizpendent variables in equations
(B.5) and (B.6) a¥X = [X(1), X(2), ---» X(3)]» whereX,;, contains the indicator for schogland
the indicators for all teachers (in all three grades) at stho Any sample student who ever
appears in schoglnever appears in any other schooleﬂx(k) = 0 for all j # k. This ensures
thatX’X is block-diagonal:

XpXy O o0
0 X,Xz - O
X'X = | (&7 | (B.7)
0 0 XX

(X’X)_1 is also block-diagonal, with blocks consisting of the irseeof the school-level design
matrices:

X! Xep)) 0 0

( (1) (1)> 9

(X'x) "t = ? <X(/2>X:(2>> (:’ . (B.8)
0 0 (x(’J)x(J))1

Each block has dimension of only a few dozen, so inversiorraghtforward. Therr co-
efficients (before the within-school normalization) antbust sampling variances are readily
computed frorr(X’X)_l. The covariances between the coefficients of equation$ &8 (B.6)

1The sample used for these regressions excludes schoolg whes to insufficient mixing, théTiz Tig Tis)
submatrix corresponding to teachers at the school has easkhardsg + Jsg + Jss — 2.



can be computed with
cov(IM%, M%) = (X'X) X' diag(§aéis) X (X'X) *. (B.9)

This implicitly clusters on the individual student, and tqgiezalent to applying system OLS (aka
the seemingly unrelated regression estimator) to the samebus equations (B.5) and (B.6).

B.4 Computation of regressions with teacher indicators fomultiple grades
when there are continuous covariates

In a few cases (e.g. columns 5-8 of Table 1V), | include cambuns regressoiz along with the
school and teacher indicators from several grades. Thgsessaons have the form

y=XMN+Zy+e. (B.10)

LettingW = [X Z] andA = [’ ¢/]', we havey = WA 4 £. Because they coefficients are
common across schooM/’'W is no longer block-diagonal, and the school-by-schookesga
described above cannot be used directly here. In these mddele a brute-force OLS regres-
sion estimator (implemented in Matlab) to compute the regjom of the school de-meangd
on the de-meaned/. This may introduce numerical inaccuracy in the estimategfficients,
A. To avoid this, | use an iterative algorithm to obtain imprd\coefficient estimates. At each
iterationt (beginning witht=1), there are two steps:

1. Treat thep parameters as known, using values from the previous iterafi 1. Regress
y—Z{x_1 on X. The methods used in the previous section can be applieddsXéX is
block diagonal with blocks corresponding to schools. Labelresulting coefficientsl;

2. Treating thd; coefficients as known, regregs- X[1; onZ. Z typically contains only a
handful of variables, so this is simple to calculate. Labelresulting coefficients, and
use these as inputs to step 1 on the next iteration.

These steps are repeated until the coefficient vector cgaserConvergence is considered to
have been achieved when the maximum change in the regressidnalss =y — X1, — Z{x
from the previous iteration — that ige — & _1||g,, — is less than 10ay.

This is essentially the Gauss-Seidel method, though thietste of the problem makes it
possible to use only two sub-vectors of the full parametetoré\ rather than stepping through
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each element of\ separately as in typical implementations. It is a contoacthapping on the
sum of squared errors, so the coefficients necessarily opave the OLS coefficients. Abowd
et al. (2002) use a similar (in spirit, though not in detadjputational strategy.

In practice, the initial brute-force estimates are quitaate, and only one or two iterations
are required before convergence is achieved. As the ierakyorithm does not yield standard
errors, | use a brute-force estimate(W’W)’1 to compute these.

B.5 Simulation of VAM estimates with selection on unobsenles

Table VII of the main paper presents simulated comparis@t&den teachers’ true effects
and those obtained from potentially biased VAMs. The sittioites are necessary because |
wish to focus on the role of (asymptotic) bias in the VAM estes, while estimates from
finite samples are dominated by sampling error. The use aflated data comes at a slight
cost: | must assume a specific joint distribution for teasheausal effects and the VAM-based
estimates of these causal effects. | assume that theseiatly juormally distributed. The
standard deviations of each and the correlation betweetwthare parameters that are varied
across panels.

The simulations in Panels A and F of Table VIl are based on stienates from Tables VI
and VIII, respectively. In each of these tables, | treat @ pf the estimates from a particular
specification as the “true” effects of interest, and | ask béver specifications compare to this. |
compute the difference between the “true” effects and tfrase the “incorrect” specifications,
then use the methods described above to estimate the slateaation that would be observed
for this difference were it free of sampling error. (Thisuegs stacking the two specifications.
Standard errors are clustered on the student.) These nsathndbe readily extended to estimate
sampling-adjusted correlations. In Table VI, the bias ie Y¥AM1 reading specification is
correlated -0.33 with the VAM4 estimates; for VAM2, the agation is -0.43. In Table VIII,
the bias in 4th grade teachers’ one-year effects relatithdiv effects on 5th grade scores is
correlated -0.38 with the latter effects in Column 2. Theelation in Column 4 is -0.43.

The parameters in Panels B-E are computed differently. $teaith (forthcoming) uses meth-
ods developed by Altoniji et al. (2005) to estimate the biagiM-based estimates when selec-
tion into classrooms is based on unobservables as well dssemad variables. However, those
estimates are based on a somewhat different sample thaeddase, and on differently-scaled
test scores. To make the estimates of the standard devidtitwe bias in VAMs 1, 2, and 4
(called VAM2, VAM3, and VAM4 in Rothstein (forthcoming)) coparable to those used here,
| rescale by the ratio of the standard deviation of the VAMdxhestimates in Table VI (0.127,



0.121, and 0.148 for VAM1, VAM2, and VAM4, respectively) teetcorresponding standard de-
viations (0.114, 0.106, and 0.100) in Table 10 of Rothstirtffcoming). This yields the bias
standard deviations listed in Column 2 of Table VII. | assuha the distribution of teachers’
true effects is the same as in Panel A, with a standard dewiati0.148, and that bias is uncor-
related with the truth. There is little basis for the lattes@mption, but it does not make much
difference in the results: When | use a correlation of zer@anel A, the results are identical.
Given estimates of the standard deviation of teachers’dffeets, the standard deviation of
the “incorrect” VAM coefficients, and the correlation beerethe two, it is straightforward to
simulate data from their joint distribution. | draw 10,0@&thers from this joint distribution.
| use these simulated data to compute the correlation battwee and VAM-based effects, the
Spearman rank correlation, and the fraction of teachersasactually in the top quintile who
appear to be in the top quintile according to the VAM in quastiNote that the symmetry of the
normal distribution ensures that the misclassificatioa fat the bottom quintile is identical.

C Monte Carlo analysis of VAM1 and VAM?2 tests

To evaluate the performance of the VAM1 and VAM2 tests in dasiesembling those used in
Tables lll and 1V, | conducted extensive Monte Carlo anaty$é&egan with a simplified version
of the general data generating process introduced in 3eittiof the main paper. Lettingy;
represent the true achievement at the end of ggadetudent in gradeg classroom in school

s, | assume that:

Ajs = &s+Bjss+Uijs3 (C.1)
A = AjsstEsa+Bjsa+Uijss (C.2)

Here,és is a school-by-grade effeqd; sy is the contemporaneous effect of the gradeacher,
anduijg is an error term, independent across students in the sass@ban but not necessarily
across grades for the same student. Observed achievemsais égie achievement plus ran-
dom measurement errofjsy = Afjg; + 8ijsg, With &g independent across grades and across
students. All terms are assumed to be normally distribygettntially correlated across grades
but with no correlation between terms (betwgandé, for example).

| simulate three sample configurations, two rules for thegassent of students to 5th grade
classrooms, and seven sets of parameters governing thgelaaating process. All sample
configurations involve 400 schools. In the first, there aréa8srooms per grade per school



and 20 students per classroom. In the second, there ar2 skdksrooms but 100 students per
classroom. In the third, there are 4 classrooms, each wigtuz{ents.

My first rule assigns students randomly to 5th grade classsod he second makes assign-
ments random conditional ok jg. To implement this, | compute the student’s percentile rank
(scaled to range from 0 to 1) in the 4th grade score distobuti then add to this a random
number, uniform on [0, 1]. Within each school, students artesl on the resulting sum, with
the top 20 or 100 assigned to one classroom, the next to theclessroom, and so on. In
both rules, students are assigned to 4th grade classrooassteccreate moderate collinearity
between the 3rd and 4th grade classroom assignments: Halé students in each 3rd grade
class are streamed into the same 4th grade class, whilertaniag students are randomly
assigned to 4th grade classes within the school.

The seven sets of parameter values are as indicated in TabEaCh entry reports the stan-
dard deviation of the grade 3 term, the standard deviatigheofjrade 4 term, and the correla-
tion between them. For example, the upper left entry indc#tat in the baseline specification,
D (éx3) = 0.5, 3D (€y) = 0.25, andcorr (&, €sq) = 0.8.

The baseline scenario is chosen to resemble plausible ptgarnalues. Scenario U turns
off all between-classroom variation, while Scenario T subeit any within-classroom hetero-
geneity. Scenarios M1-M4 are intermediate cases in whiehrtagnitude of teachers’ effects
is gradually reduced from 0.8 to an empirically plausible. 0zor each combination of sample
configuration, assignment rule, and data generating psptgenerated 500 or 1000 simulated
samples. With each sample, | applied the VAM1 and VAM2 teassin columns 3 and 4 of
Tables Il and IV. Appendix Table C2 reports the fraction loé tresulting p-values that were
below 0.05.

The first two rows shows that the VAM1 and VAM2 tests have simaiad 10% for the
first sample configuration when students are randomly asdigm5th grade classrooms within
schools, regardless of the DGP. This is not ideal, but neighié extremely severe. A decision
rule that rejects the null hypothesis only if the F test'sghue is below 0.025 would have size
around 5% across all seven DGPs. Note that most of the ps/aiuables Il and IV are far
below this threshold. Using the estimates in the “baselsisiulation, | compute empirical
p-values for the tests in Columns 3 and 4 of Table IIl. Thesea®31 and 0.004, respectivély.

Rows 4-6 show that the over-rejection is eliminated whensdm@ple includes sufficient
numbers of students per class and ameliorated (partigdtarVAM2) to a lesser degree when
the sample includes more than two classrooms per schoallektly, the over-rejection in the

2That is, 3.1% of the simulation draws for the baseline DGRaithe first sample configuration and random
assignment of students to classrooms, yielded “p-valuzsS€d on the F distribution) for VAM1 smaller than the
0.016 reported in Column 3 of Table 1.



first rows is largely a function of the small number of studgrer classroom.

The second panel shows rejection rates when the assignméith grade classrooms is
random only conditional on the 4th grade score. The VAML, tagpropriately, rejects 100%
of the time in this case, regardless of the DGP or the sampée & the Baseline, U, and M4
DGPs, VAM2 performs about as well with conditional randorsigsment as with true random
assignment. Assuming the “baseline” DGP and random assighoonditional on the lagged
score, | compute simulated p-values for the tests in Colusrensd 4 of Table IV of 0.086 and
0.018, respectively. In DGPs where the teacher effects are prominent, however, VAM2
rejects at very high rates even with conditional randomgassent, 100% of the time in T and
M1. The problem arises because the 4th grade teachersteifgmduce extreme clustering
of 4th grade gains that is not accounted for by the variane@rtance matrix used for the test.
Fortunately, with more realistic data generating proces$estering does not appear to be a
problem and rejection rates are in the 5-10% range. Notetladgahe specifications in the final
columns of Table IV, which include controls for 4th gradedears, would absorb the clustering
that is the source of the problem here. Additional Monte €asdtimates, not reported in Table
C1, indicate that these specifications bring the size of theMR, and M3 tests down to levels
similar to those seen in the M4 specification.

D Additional Specifications

D.1 Teachers’ observable characteristics

VAMs are used not only to estimate individual teachers’@#gebut also to assess the relation-
ship of teacher quality with teachers’ observed charasttesi (see, e.g., Clotfelter et al., 2006,
2007; Goldhaber and Brewer, 1997; Hanushek and Rivkin, RODieese analyses replace the
teacher indicators in VAM1, VAM2, or VAM3 with vectors of teher observables — education,
experience, etc. The tests developed in the main text cappflesd to these models as well.
Appendix Table D1 presents results for mathematics. (Resul reading are similar and are
available from the author.) | focus on a short vector of teacinaracteristics: An indicator for
whether the teacher has a master’s degree, a linear experigasure, an indicator for whether
the teacher has less than two years of experience, and theet&sascore on the Praxis tests re-
quired to obtain elementary certification in North Caroffnas in the other analyses, | restrict
attention to students who can be assigned to valid teaameech grade for which teacher char-

3Each test is standardized among North Carolina teachergadhkait in the same year, then (when multiple
scores are available) scores are averaged across tests.
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acteristics will be controlled and who do not switch schdmsveen grades. | further exclude
students for whom | am unable to assemble complete chaisdierfor each of the relevant
teachers.

Column 1 presents estimates from VAML of the effects of 4ithBth grade teachers on 5th
grade gains, controlling for school fixed effects and clstgthe standard errors on the school.
The 5th grade teacher coefficients echo those in the litera®y master’'s degree appears to
make little difference, but inexperienced teachers hawe quegative effects on student gains.
Interestingly, inexperienced 4th grade teachers seenvimlhegepositive effects on 5th grade
gains, perhaps indicating that students quickly make upirfog lost during 4th grade. See the
discussion in Section VII.

Column 2 repeats the VAM1 specification, this time using ttiegtade gain as the depen-
dent variable. The 4th grade teacher coefficients are densiwith those seen for 5th grade
teachers in Column 1. But Column 2 also indicates that theyEdte teacher’'s Praxis score is
positively associated with the 4th grade gain score, whidecoefficient on the dummy for an
inexperienced 5th grade teacher is negative and nearlifisagt ¢ = —1.85). The hypothesis
that all 5th grade teacher characteristics have zero ceefficis rejectedd = 0.02). This is
clear evidence that the VAM1 exclusion restriction is viethby student sorting.

Columns 3 and 4 present the analysis of VAM2, modeling 5thigrscores in Column 3
and 3rd grade scores in Column 4. Results in Column 3 areasimailthose in Column 2. In
Column 4, none of the 5th grade coefficients are individusigynificant, but the test that all
are zero is marginally significant (p = 0.11). Given the lowvpo of my tests for analyses
of teacher characteristics, which are only weakly coreglatith student achievement in any
grade, | interpret this as only mildly encouraging.

Columns 5 and 6 present the correlated random effects an#thgs | use to evaluate VAMS3,
modeling 3rd and 4th grade gains, respectively, as funstadrihe characteristics of teachers
in grades 3 through 5. | consider two restricted models, baedonstrains student ability to
enter identically into each grade’s gain score equationaaradher that allows different ability
coefficients in different grades. The former model — coroesiing to the version of VAM3 that
is uniformly used in the literature — implies that the 5thdgaeacher coefficients in columns 5
and 6 of Table VI should be equal. lin fact, we see a significagiative coefficient for the no
experience indicator in the model for 4th grade gains andrgimally significant {=1.67) pos-
itive coefficient in the model for 3rd grade gains. The hygsik of equal effects is decisively
rejected (p=0.02). The less restrictive model requirey thrdt the coefficients in columns 5 and
6 be proportional to one another. This restriction is cdasiswith the data (p=0.81). However,
the OMD estimates indicate a factor of proportionality aB® If we normalizers = 1, defin-
ing “ability” to have a positive effect on 3rd grade gains tinodel indicates that high ability
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students gain mucless during 4th grade than their low ability peers.

An alternative interpretation of this extremely countaritive result is that the test is unable
to detect violations of strict exogeneity in this contexhelcorrelated random effects test has
power against violations of strict exogeneity only if clesan assignments depend on factors
that are correlated with the included variables. As all & toefficients except those for the
inexperienced teacher indicator are small and far fronissilly significant, and as even the
inexperienced teacher coefficients are consistent withrtbdel only with implausible coef-
ficient estimates, the simplest interpretation is that VAMI®oorly suited to identifying the
effects of teacher characteristics on student achieveniedeed, when | extend the analysis
to use the characteristics of 6th grade teachers — studentgpmcally in middle school in 6th
grade, and ability tracking is more pronounced — to strezigthe overidentification test (see
Rothstein, 2008), | reject proportionality of the 6th graelacher coefficients.

Despite the violations of the VAM identifying assumptioreen in Appendix Table D1,
gualitative conclusions about the importance of teacharadteristics do not appear to be very
sensitive to the inclusion of controls for observables. éqgix Table D2 presents estimates of
the effects of 5th grade teacher characteristics on 5thegganhs, with varying control variables.
Estimates change notably between Column 1 (VAM1, withoutr@ds) and Column 2 (VAM2,
controlling for the 4th grade score). Changes are smalliestilbnon-trivial as we move across
the remaining columns, which gradually add controls for enagged scores, for teacher char-
acteristics in earlier grades, for earlier classroom assants, and eventually for the amount of
time that the student reports having spent watching TV irgd#ldle and the number of absences
from school in that grade. In the math specifications, th&iPreffect is about 50% larger in
Column 7 than in Column 2. In the reading specification, tifecef an inexperienced teacher
declines by about 20%.

D.2 Distinguishing between teacher and classroom effectssimg cross-
cohort comparisons

In the main paper, | use the terms “classroom effects” anacter effects” interchangeably to
describe the effects of being in a single classroom. Undéaicecircumstances a distinction
between the two — between a teacher’s effect that is the saeng wear and a classroom effect
that may vary from year to year as the teacher is assigned olearts of students — may make
it possible to obtain unbiased estimates of teachers’ tatfsats under weaker conditions than
are considered in the text.

Let By be the effect of being taught by teachen yeary. (I suppress grade subscripts
for notational simplicity.) We can decompose this into anpe@nent component associated with
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the teacherg;, and a time-varying componet, associated with transitory aspects of the
classroom in yeay. By = 6 + uty. If we assume that the non-random assignments of students
to classrooms are completely transitory — that the pregassent characteristics of students

in the teacher’s classroom in yeauncorrelated both with the characteristics of students in
yeart + 1 and with the teacher’s true effeit — then the bias ir)ﬁty will be uncorrelated from

one year to the next. A decomposition Bfinto permanent and transitory components — a
regression oﬁy onto teacher indicators — would yield unbiased estimateh@ifpermanent
teacher component;. Alternatively, the variance ot across teachers can be estimated from
the between-year covariance®f

E [ByBiyr1] = E[67] +E [WyMy+1] +E [B\y] +E [Bviyra] - (D.1)

By the assumptions above, the final three terms are all zelngs sbrt of decomposition has
been used by Hanushek et al. (2005) and Kane and Staiger)(2008ng others.

This strategy relies crucially on the assumption that tisggasnents are uncorrelated across
years. If some teachers are repeatedly assigned studehtligh expected gains that are not
controlled in the VAM, this will create a covariance betwegnandv v, 1, and therefore will
bias the estimates @& andE [Gﬂ. To evaluate whether assignments are in fact uncorrelated
across years, | used students who were in 5th grade in 200§titoate a regression of 5th
grade gains on all prior scores, absorbing 5th grade classindicators. This resembles the
rich VAM4 from Section VI, but it excludes classroom indicet from prior grades. Using the
coefficients from this regression, | form predicted 5th gragins for each 5th grade student
in both 2000 and 2001, excluding the classroom effects, #venage these to the classroom
level. These mean predicted gains represent bias in saojlert estimates of VAM1. | also
residualize the predicted gains against 4th grade scorebtton the bias in VAM2. | then
correlate the average predicted gains (or residualizediqgiesl gains) of a teacher’s students in
2000 with those for the same teacher’s students in 2001.

In each VAM and in each subject, these cross-cohort coiektare positive and highly
statistically significant. Evidently, teachers who areigrssd good students in one year are
typically assigned better-than-average students theyeaxias well. Thus, while data following
teachers for several years may have some value for reduigiadrobm non-random assignments
— the (observable) quality of a teacher’s students is ndepiy correlated over time — the
assumptions that would support simple corrections areatafied in the North Carolina data.
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Appendix Table A1. Construction of analytical samples

Sample A Sample B Sample C
(1) (2) (3)
Sample used in Tables 3-4, Tables 3-4, Table 5
Cols 1-4 Cols 5-8
Require student data in grades 3,4,5 3,4,5 2,3,4
Require teacher links in grades 5 4,5 3,4,5
N % N % N %
Base sample 60,740 100% 60,740 100% 60,740 100%
Excluded for
Missing record 3,772 6% 3,772 6% 3,772 6%
Missing test scores 1,825 3% 1,466 2% 5,226 9%
Changed schools 0 -- 7,181 12% 15,083 25%
Missing/invalid teacher match 0 -- 6,497 11% 9,400 15%
Only student in class 1 0% 10 0% 110 0%
Only class in school 0 -- 384 1% 556 1%
Collinearity 0 -- 769 1% 619 1%
Final sample 55,142 40,661 25,974




Appendix Table A2. Average fraction of 5th grade classmates who were in the same 4th
grade class

Number of 4th grade classes at school

1 2 3 4 5+ 2+ Total
(1) (2) (3) (4) (5) (6) (7)
Base sample
# of students 1,515 6,032 12,508 12,441 14,717 45,698 47,213
# of schools 109 206 268 197 164 835 944
Fr. of 5th grade classmates
who were in the same 4th
grade class 1.00 0.52 0.35 0.27 0.21 0.31 0.33
Schools with perfect collinearity
# of students 1,515 600 402 293 191 1,486 3,001
# of schools 109 35 16 7 4 62 171
Exclude schools with perfect collinearity
# of students 5,432 12,106 12,148 14,526 44,212 44,212
# of schools 171 252 190 160 773 773
Fr. of 5th grade classmates
who were in the same 4th
grade class 0.51 0.35 0.27 0.20 0.30 0.30

Notes: A school has "perfect collinearity" if the J, indicators for 4th grade teachers and the Js
indicators for 5th grade teachers together have rank less than J, + Js - 1.



Appendix Table C1. Parameters for Monte Carlo simulations

Scenario School effects (§) Teacher effects (B) True residual (u) Measurement error (e)
Baseline (0.5, 0.25, 0.8) (0.1,0.1,-0.5) (0.8, 0.4, -0.25) (0.2,0.2,0)

U (0,0,0) (0,0,0) (0.8,0.8, 0) (0,0,0)

T (0,0,0) (0.8,0.8,0) (0,0,0) (0,0,0)

M1 (0,0,0) (0.8,0.8, 0) (0.8,0.8, 0) (0.2,0.2,0)

M2 (0,0,0) (0.4,0.4,0) (0.8,0.8,0) (0.2,0.2,0)

M3 (0,0,0) (0.2,0.2,0) (0.8,0.8, 0) (0.2,0.2,0)

M4 (0,0,0) (0.1,0.1, 0) (0.8, 0.8, 0) (0.2,0.2,0)

Notes: Each cell contains a triplet, describing the standard deviation of the random variable in the 3rd grade
score equation, the standard deviation in the 4th grade score equation, and the correlation between the two.

The data generating process is as in equations C1 and C2: A; = &; + B3 +Uz, Ay = Ay + & + By + Uy, Az = As
+e5 and A, = A, +e,



Appendix Table C2. Monte Carlo analysis of rejection rates with VAM1 and VAM2 tests

Production function
Baseline U T M1 M2 M3 M4

(1) (2) () (4) ) (6) ()

Random assignment
400 schools, 2 classes per school, 20 students per class (2500 replications)

VAM1 9.1% 9.8% 10.1% 9.7% 9.6% 9.3% 9.2%

VAM2 9.6% 9.3% 10.2% 9.7% 9.3% 9.4% 9.8%
400 schools, 2 classes per school, 100 students per class (2000 replications)

VAMA1 5.1% 4.9% 5.4% 5.3% 4.9% 4.7% 4.8%

VAM2 5.7% 5.2% 5.1% 5.7% 5.7% 5.9% 5.7%
400 schools, 4 classes per school, 20 students per class (1000 replications)

VAMA1 7.5% 8.1% 11.5% 8.2% 8.9% 8.5% 7.9%

VAM2 71% 7.4% 9.6% 1.7% 7.2% 71% 7.0%

Random assignment conditional on G4 score
400 schools, 2 classes per school, 20 students per class (2500 replications)

VAMA1 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

VAM2 10.3% 9.2% 100.0% 100.0% 52.4% 12.2% 9.9%
400 schools, 2 classes per school, 100 students per class (2000 replications)

VAM1 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

VAM2 5.9% 4.8% 100.0% 100.0% 100.0% 16.4% 5.6%
400 schools, 4 classes per school, 20 students per class (1000 replications)

VAMA1 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

VAM2 8.2% 6.8% 100.0% 100.0% 54.1% 9.2% 6.7%

Notes: See Appendix C and Table C1 for descriptions of the simulation and of the data generating
process. Under the null hypothesis that the test's size is 5%, a 95% confidence interval for the
rejection rate in 2,500 replications is [4.2, 5.9]. With 2,000 replications, the confidence interval is [4.0,
6.0]; with 1,000 replications, it is [3.7, 6.4]. Rejection rates that lie outside of these intervals are shown
in bold.



Appendix Table D1. Tests of models for the effects of teacher observable characteristics on

math gains

VAMS3 (correlated
VAM1 VAM2 random effects)

5th grade 4th grade 5th grade 3rd grade 3rd grade 4th grade

(1) (2) () (4) ) (6)

5th grade teacher

MA degree -0.05 -1.49 -0.75 -0.74 2.20 -1.12
(1.30) (0.99) (1.30) (0.90) (1.43) (1.04)
Experience 0.09 0.05 0.07 0.06 -0.04 -0.02
(0.07) (0.05) (0.07) (0.05) (0.07) (0.05)
1(Experience < 2) -5.35 -2.87 -5.95 -2.02 3.65 -4.13
(1.88) (1.55) (1.84) (1.41) (2.19) (1.61)
Praxis score 1.50 1.32 2.26 0.41 -1.03 1.03
(0.80) (0.61) (0.77) (0.54) (0.82) (0.62)
4th grade teacher
MA degree -1.93 2.83 -1.19 1.92 0.67 3.25
(1.30) (1.53) (1.12) (1.23) (1.33) (1.62)
Experience -0.10 0.07 -0.09 0.05 -0.07 0.13
(0.07) (0.08) (0.06) (0.06) (0.07) (0.08)
1(Experience < 2) 5.21 -5.77 3.76 -3.96 1.06 -5.89
(1.75) (2.00) (1.57) (1.66) (2.09) (2.16)
Praxis score -1.48 2.18 -0.72 1.29 0.17 2.53
(0.76) (0.89) (0.65) (0.72) (0.81) (0.94)
3rd grade teacher
MA degree 0.25 0.72
(1.91) (1.44)
Experience 0.18 -0.16
(0.11) (0.08)
1(Experience < 2) -0.58 -1.04
(3.05) (2.24)
Praxis score 0.34 -0.05
(1.07) (0.80)
4th grade scores (*100)
Math 0.69 0.64
(0.01) (0.01)
Reading 0.21 0.22
(0.01) (0.01)
N 20,251 20,251 20,251 20,251 18,239 18,239
R2 0.147 0.142 0.264 0.278 0.105 0.145
p-value, G5 teacher
coeffs. =0 <0.01 0.02 <0.01 0.11 0.13 0.04
Restricted specification, G5 teacher effects are equal in G3, G4 models
p-value 0.02
Restricted specification, G5 teacher effects are proportional in G3, G4 models
Ratio, effect on G4 to effect on G3 -0.92
p-value for overid. test 0.81

Note: Dependent variables are math gain scores (Columns 1, 2, 5, and 6) or level scores (Columns 3-
4) in the relevant grade, multiplied by 100. Standard errors are clustered on the school. Bold
coefficients are significant at the 5% level.



Appendix Table D2. Sensitivity of effects of teacher observable characteristics to VAM controls

(1) (2) @) (4) () (6) (7)

Panel A: Dependent variable is 5th grade math gain

G5 teacher: MA degree -0.10 -0.84 -0.80 -1.13 -1.03 -0.88 -0.84
(0.78) (0.75) (0.71) (0.77) (0.90) (1.22) (1.23)
G5 teacher: Experience 0.02 0.04 0.03 0.04 0.07 0.00 0.00
(0.04) (0.04) (0.04) (0.04) (0.05) (0.07) (0.07)
G5 teacher: Experience < 2 -3.75 -4.94 -5.11 -5.38 -4.33 -6.00 -5.93
(1.14) (1.08) (1.05) (1.16) (1.28) (1.86) (1.89)
G5 teacher: Praxis score 0.62 1.33 1.34 1.24 1.49 1.87 1.93

(0.49) (0.45) (0.43) (0.47) (0.55) (0.74) (0.74)
Controls for:

G4 score, same subj. y
G3-G4 scores, both sub;j. y
G2-G4 scores, both subj. y y y y
G3-G4 teacher characteristics y
G3-G4 teacher dummies y y
G4 TV watching & absences y

N 48,753 48,753 48,753 43,170 27,741 43,042 42,715

p, all 5th grade teacher coeffs =0 0.002 <0.001 <0.001 <0.001 <0.001 0.001 0.001

Panel B: Dependent variable is 5th grade reading gain

G5 teacher: MA degree -1.15 -1.56 -0.79 -1.17 -1.31 -1.78 -1.84
(0.81) (0.73) (0.64) (0.67) (0.79) (1.11) (1.12)
G5 teacher: Experience 0.08 0.11 0.09 0.10 0.11 0.14 0.14
(0.04) (0.04) (0.03) (0.04) (0.04) (0.06) (0.06)
G5 teacher: Experience <2 -3.63 -4.62 -4.30 -4.16 -3.25 -3.65 -3.71
(1.12) (1.01) (0.91) (0.98) (1.25) (1.79) (1.82)
G5 teacher: Praxis score 0.31 0.92 0.47 0.53 0.45 0.68 0.66
(0.48) (0.42) (0.37) (0.40) (0.47) (0.71) (0.72)
N 48,753 48,753 48,753 43,170 27,741 43,042 42,715

p, all 5th grade teacher coeffs =0 <0.001 <0.001 <0.001 <0.001 <0.001 0.001 0.001

Notes: All specifications include school indicators, and all are clustered on the school. "G3-G4 teacher
dummies" are indicators for each possible sequence of 3rd and 4th grade classrooms. Sample sizes
vary due to availability of independent variables. Bold coefficients are significant at the 5% level.
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