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With the increasing availability of administrative datasathat include student-level
achievement, the use of value-added models in educatiomate$es expanded rapidly. These models
allow us to explore how a wide variety of policies and measssckool inputs affect the academic
performance of students. An important question is whethehn effects are sufficiently large to achieve
various policy goals. For example, would hiring teachevsbastronger academic backgrounds
sufficiently increase test scores for traditionatlwiperforming students to warrant the increased dost o
doing so0?

Theeffect sizes of independent variables commonly are measured as thaestieffect of a one
standard deviation change in the variable divided by the sthddaration of test scores in the relevant
population of students. Effect size estimates derived fradoevadded models (VAM) employing
administrative databases are typically quite smalk. eékample, in several recent papers the average
effect size of being in the second year of teaching reladittee first yearceteris paribus, is about 0.04
standard deviations for math achievement and 0.025 standartatevfar reading achievement, with
variation no more than 0.02. Additional research examinesftéet sizes of a variety of other teacher
attributes: alternative certification compared to traddi certification (Boyd et. al., 2006; Kane et. al.,
2007); passing state certification exams (Boyd et. al., 20felter et. al., 2007; Goldhaber, 2007);
National Board Certification (Clotfelter et. al., 200Gl@aber and Anthony, 2007; Harris and Sass,
2007); ranking of undergraduate college (Boyd et. al., 2007; Géatfetl al., 2007). The effect size of
any single individual teacher attribute rarely exceedsitsieylear experience effect, and never does so
consistently across studies.

Most policymakers and researchers would judge these sfrast to be of little policy relevance,
and would rightly continue the search for the poticail that can transform student achievement. Indeed,
these estimates appear small in comparison to effestaained for other interventions. Hill, Bloom,
Black and Lipsey (2007) summarize effect sizes for atyaokeelementary school educational
interventions from 61 random assignment studies, where the effeahsize was 0.33 standard
deviations.

While specific attributes of teachers are estimatedte lsmall effects, researchers and
policymakers agree that teachers can make an importéeredite in student outcomes (Sanders and
Rivers, 1996; Aaronson, Barrow and Sander, 2003; Rockoff, 2004 nRNknushek and Kain, 2005;
Kane, Rockoff and Staiger, in press). This finding, along$ideesult that observable individual
attributes of teachers appear to be of little importamag led some to conclude that policy should focus
on removing ineffective teachers rather than attempting thgbithose who will be more effective or

attempting to identify policies that improve teacher effectess.



Why might the effect sizes of teacher attributes computed &dministrative databases appear
so small? It is easy to imagine a variety of factbes could cause estimates of the effects of teacher
attributes to appear to have little or no effect on studemevement gains, even when in reality they do.
These include: measures of teacher attributes are probablweak proxies for the underlying teacher
characteristics that influence student achievement; measiteacher attributes often are made many
years before we measure the link between teachers andtstigieevement gains; high-stakes
achievement tests may not be sensitive to differencesidlent learning resulting from teacher
attributes’ multicolinearity resulting from the similarity of many thie commonly employed teacher
attributes; and measurement error in student assessnvéatbelieve that each of the preceding likely
contributes to a diminished perceived importance of nmedgaacher attributes on student learning. In
this paper, we focus on two issues pertaining to how effees are measured that we believe are
especially important.

First, we argue that model coefficients should be condp@aréhe standard deviation of gain
scores, not the standard deviation of scores, in céloglmost effect sizes. The second issue concerns
the need to account for test measurement error in egpeffect sizes. The standard deviation of observed
scores in the denominator of the effect-size measueetefuch measurement error as well as the
dispersion in the true academic achievement of studentspvbrstating variability in achievement. ltis
the size of an estimated effect relative to the d&@pmrin the gain in true achievement that is of interes
Because gain scores have measurement error in prestelgi®st-tests, netting out measurement error is
especially important in this context.

Adjusting estimates of effect-size to account for thesesiderations is straightforward if one
knows the extent of test measurement error. Technical sguantided by test vendors typically only
provide information regarding the measurement error agedondth the test instrument (e.g., a particular
set of questions being selected). However, there anenber of other factors (e.g., variation in scores
associated with students having particularly good or basl) aetyich can result in a particular test score
not accurately reflecting true academic achievement. Wesigcores of students in New York City
during the 1999-2007 period, we estimate the overall extent ohessgturement error and how
measurement error varies across students. We applydbemates in an analysis of how various
attributes of teachers affect the test-score gains ofstuglents and find that estimated effect sizes that

include the two adjustments are four times larger tséimates that do not.

L Hill et. al. (2007) find that the mean effect sizes wheasured by broad standardized tests is 0.07, whileothat
tests designed for a special topic is 0.44. So, siiilarventions when calibrated by different assessn@otiuce
varying effect sizes.



In the following section we briefly introduce generalizabitigory, the framework for
characterizing multiple sources of test measurement taabwe employ. Information regarding the test
measurement error associated with the test instrsneamployed in New York is also discussed. This is
followed by a discussion of alternative auto-covarianagsires for test scores that allow us to estimate
the overall extent of test measurement error, as well agdsbwneasurement error from all sources varies
across the population of students. To make tangible théatiphs of accounting for test measurement
error in the computation of effect sizes, we consider tidirfgs of Boyd, Lankford, Loeb, Rockoff and
Wyckoff (2007) regarding how the achievement gains of studentatimemmatics are affected by the

gualifications of their teachers. We conclude with aftsummary.

Defining Test M easurement Error

From the perspective of classical test theory, an iddalis observed test score is the sum of two
components, the first being threie score representing the expected value of test scores over sboe s
test replications. The second component is the residdedeatite, or random error, associated with test
measurement erréiGeneralizability theory, which we draw upon here, extersigtieory to explicitly
account for multiple sources of measurement érror.

Consider the case where a student takes a test consistrgget of tasks (e.g., questions)
administered at a particular point in time. Each tggk,assumed to be drawn from some universe of
similar conditions of measurement (i.e., measures thawith)the student doing that task at some point
in time. The universe of possible occurrences is such thatutlent’s knowledge/skills/ability is the
same for all feasible times. Here students are tjeebbf measurement and are assumed to be drawn
from some population. (As is typical, it is assumed thabers of students, tasks and occurrences that
could be observed are infinite.) The case where each pupight be asked to complete each task at

each of the possible occurrences is representddkliyk o where the symbolx” is read “crossed with”.
Let S,, represent the ith student’s score on task t carriedt@macarrence o, which can be
decomposed using the random-effects specification shown in (1).
Sto :T+Ui +Ut +Uo +Uit +Uio +Uto +£ito (1)
I, =7+v,, theuniversal score for the student, equals the expected valu§gbver the universe of

generalization, here the universes of possible tasks andecces. The universal score is comparable to

the true score as defined in classical test theorpuilitases;, measures the student’s underlying

2 Classical test theory is the focus of many books aidesr. For example, see Haertel (2006).
3 See Brennan (2001) for a detailed development of Geneiitizabeory. The basic structure of the framework
is outlined in Conbach, Linn, Brennan and Haertel (1997) dsawéleldt and Brennan (1988).



academic achievement, e.g., ability, knowledge and skills.uTheepresent a set of uncorrelated
random effects which, along witf),, and the student’s universal score, sungtp Hereu, (v, ) reflect
the random effect, common to all test-takers, associatadsweores for a particular task (occurrence)
differing from the population meam,. v, reflects the fact that a student might do especiadly ov
poorly on a particular tasku,, is the measurement error associated with a studemfs mance not
being temporally stable even when his or her underlying akslimmchanged (e.g., a student having a
particularly good or bad day, possibly due to iliness tigde). v,, reflects the possibility that the
performance of all students on a particular task might @ergss occurrences;,, reflects the three-way

interaction and other random effects. Even though theretlaee potential sources of measurement error,
we limit the number here to simplify the expositfon.

The observed score for a particular individual completitagla will differ from the individual's
universal score because of the components of measuremerghen in (2). In turn, this implies the

measurement error variance decomposition for a pantistudent and a single task shown in (3).
Mo = (S0 =T )= UH Up + U+ Upo +Up + 6y (2)
0% (11,)= 02 (t)+0°(0) + 7*(it) + o *(i0) + o (t0) + T (5,)  (3)
Now consider a test defined in terms of its timing (ocence) and thé\, tasks making up the

examination. The student’s actual sc&g, will equal 7, +77, shown in (4) wherey, is a composite

measure reflecting the errors in test measurement ficsalaces.
S, =Ztst/Nt =THY +U, +U, + Y (U +U, U, +£it0)/Nt =1, +n.. (4)
The variance ofy, for student i equalss? = o?(0)+0?(io) +[02(t) +o?(it)+o’(to) +o 2(‘sm)]/ N, .
Sg=Tigthg ()
Equation (5) generalizes the notation in (4) tovalfor tests in multiple gradesS,yg is the ith

student’s score on a test for a particular sultiatn in grade g, , is the 1" student’s true academic

9
achievement in that subject and grade. We dropcsigh “T’ to simplify notation, but maintain that

different test in a single occurrence is givenaotegrade and year;, , is the corresponding test

measurement error from all sources, wheng, =0. Allowing for the possibility of heteroskedastyci

E/]iz,g = a,% ; To simplify the analysis, we maintain that theasurement error variance for each student

* Thorndike (1951, p. 568) provides a taxonomy characterizifeyelift sources of measurement error. The
framework also can be generalized to reflect studemg lpeouped within schools and there being common
random components of measurement error at that level.



iS constant across gradez.;&‘,?i o= a,%, (g . Let a,f_ equala,% for all pupils in the homoskedastic case or,

more generally, the mean valueaz;%’i in the population of students. Thein (1) being uncorrelated
implies thatEz, o7 - =0, 0 g#g"' and E7 47, - =0, 0g,9" .

For a variety of reasons, researchers and policymakernsterested in the distribution of test

scores across students. In such cases it is possitidedmpose the overall variance of observed scores

for a particular gradeaég , into the variance in universal scores acrossttiaeat populationafg , and
the measurement-error varianag, =o;, +0, . Here K, =0, / ¢ is thegeneralizability coefficient

measuring the portion of the total variation in obsengedes that is explained by the variance of
universal scores. The reliability coefficient is the corapke measure in classical test theory. As

discussed below, we normalize test scores to have zenssma@d unit standard deviations, so that

os =1=0; +0, . Inthis case, the generalizability coefficient equéls=1-0, .

The distribution of observed scores from a test of stuatgmevement will differ from the
distribution of true student learning because of the emangeasurement inherent in testing.
Psychometricians long have worried how such measuremenimpedes the ability of educators to
assess the academic achievement, or growth in achieveshemividual students and groups of
students. This measurement error is less problematiedearchers carrying out analyses where test
scores, or gain scores, are the dependent variablee asetisurement error will only affect the precision
of parameter estimates, a loss in precision (but notstensly) which can be overcome with sufficiently
large numbers of observations.

Even though test measurement error does not complicagstth®tion of how a range of factors
affect student learning, such errors in measurement doimmgeetant implications when judging the

sizes of those estimated effects. A standard appmaehpirical analyses is to judge the sizes of

estimated effects relative to either the standard deniaf the distribution of observed scoreé_,g , or

the standard deviation of observed gain scores. From thpgotive that the estimated effects shed light

5 Measurement error in lagged test scores entering as aghltdide controls will result in biased estimates ef th
coefficients for lagged score. In particular, the egtha@oefficients typically will be less than one, detent with
observed scores being subject to regression to the meavever, measurement error in the lagged scores will
affect the consistency of the estimates of other exptay variables only if the measurement error isatated with
these variables. See Sullivan (2001) for a useful disecus$iestimating regression models with heteroskedastic
measurement error and Jacob and Lefgren (2005) for aicatfpl focusing on measurement error in the estimatio
of teacher effects. The method we employ to estinhateverall extent of test measurement error and how the
measurement error variance differs across students oguisdol along with the methods discussed in these papers
to deal with the errors in variables associated withuthed test scores as right-hand-side variables in regnessi
equation.



on the extent to which various factors can explain systemifferences in student learning, not test
measurement error, the sizes of those effects shoyldiped relative to the standard deviation of
universal scores or the standard deviation of universe ggons. In most cases, it is the latter that is
pertinent.

At a point in time, a student’s universal score wifle®t the history of all those factors affecting
the student’s cumulative, retained learning. This incduaely childhood events, the history of family
and other environmental factors, the historical flow of schmmlts, etc. . The standard deviation of the
universal score at a point in time reflects the causkhfies between all such factors and the dispersion in
these varied and long-run factors. From this perspectivesaany short-run intervention — say a
particular feature of a child’s education during one graddikely to move a student by only a modest
amount up or down in the overall distribution of universataes. Of course, this in part depends upon
the extent to which the test focuses on current topics edyer draws upon prior knowledge and sKills.
The nature of the relevant comparison depends upon the questpexample, if policymakers want to
invest in policies that provide at least a minimum yeayear student achievement growth, for example
to comply with NCLB in a growth context, then the relevaetric is the standard deviation in the gain in
universal scores. However, if policymakers are interestdte extent to which an intervention may
close the achievement gap, then comparing the effecttahteavention to the standard deviation of the
universal score provides a better metric of improvementn Ewvthe latter case, it is important to keep in
mind that interventions often are short lived when compiréae period over which the full set of
factors affect cumulative achievement.

We now turn to the issue of distinguishing between the gainiirersal scores reflecting the

underlying achievement growth and the measured test scoreeggiation (6) shows that a student’s

observed test score gain in a subject between gmdédsand g, AS ,, differs from the student’s
underlying achievement gaifz, =7, , -7, ,_,, because of the measurement error associated with
As,g :S,g - S,g—l = (Ti a _Ti ,g—l)+(/7i g _/7i g—J) = ATi [o] +A/7i o] (6)

both testsA7 , =17, , =17, 4-,- Here the variance of the gain-score measureement for a pupil is

ajq = 20,72 when the measurement error is uncorrelated, anddrestant variance, across grades.
ig 1

Going from an individual student to the distributiof test score gains for the population of

students, it is possible to decompose the distdbistoverall variancep,s =05, +0,, whereoy, is

® This might help explain the result noted in footnote dndardized tests often measure cumulative learning
whereas tests designed for a specific topic may metsaigrowth in learning targeted by a particular interventio



the variance of the universal score growth in the populafigtudents andffq_ is the mean value of
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o,, - Here Kj = ajrg / JAZSg is the proportion of the overall variance in gain ssdhat actually reflects

variation in students’ underlying growth in educational achrexd. In generalKgA = ajrg /JAZSg will

be smaller tharK, = afg / aszg so that test measurement error is especially problemben analyzing

achievement growth.

New York State Tests

We analyze math test scores of New York City studengsades three through eight for the
years 1999 through 2007. Prior to 2006, New York State admirmdstgeaminations in mathematics and
English language arts for grades four and eight. In additieNew York City Department of Education
tested 3, 5", 6" and 7' graders in these subjects. All the exams are aligndrbtléw York State
learning standards and IRT methods were used to coawvedaores (e.g., number or percent of questions
correctly answered) into scale scores. New YorkeSiagan administering all the tests in 2006, with a
two-step procedure used to obtain scale scores that leat, for each grade, a temporary raw score to
scale score conversion table was determined and the catveasrset for Level lll (i.e., “the minimum
scale score needed to demonstrate proficiency”). Theor@mpscale scores were then transformed to
have a common scale across grades, with a state-witkaefadeviation of 40 and a scale score of 650
reflecting the Level lIl cut score for each grdd8cale scores in 2007 were “anchored” using IRT
methods so as to be comparable to the scale-score mssddor each grade in 200&ven though
efforts were made to anchor cut points prior to 2006, dngpears to be some variation in how reported
scale-scores were centered. However, the dispersi@alem scores varies little across grades and years.
For example, the grade-by-year standard deviations foretins prior to 2006 have an average of 40.3,
almost identical to that in 2006 and 2007, and a coefficikedispersion of only 0.0445; the average
absolute differences from the mean standard deviatiorsishiaa five percent of the mean. Given these

properties, we normalize the test scores by grade andwidaltittle, if any, loss in useful informatiof.

7 This point has been made in numerous publications. Seexdmple, Ballou (2002). Rogosa ( ) points out that
there are circumstances in which the reliability of ga&iores is not substantially smaller than that for tioees

upon which the measure of gains is based.

8 CTB/McGraw-Hill (2006).

°® CTB/McGraw-Hill (2007).

1% Rothstein (2007, p. 12) makes the point that when scaeeaeasured on an interval scale, normalizing those
scores by grade “can destroy any interval scale unlesattamce of achievement is indeed constant acreskesgr”
Even though the variance in the underlying achievemeytwell vary (e.g., increase) as students move through
grades, the reality is that the New York tests emplslyseales having roughly constant variance. Thus, our
normalizing scores are of little, if any, consequence.



Technical reports produced by test vendors provide infitomaegarding test measurement error
as defined in classical test theory and the IRT framlewnr both, the focus is on the measurement error
associated with the test instrument (e.g., the sefeof test items and the scale-score conversion). The
documents for the New York State tests report relighslitefficients that range from 0.88 to 0.95 and
average 0.92, indicating that 0.08 percent of the variatidreiscores for a test reflect measurement error
associated with features of the test. However, intiatdio only reflecting one aspect of measurement
error, other factors limit the usefulness of these reltgt@stimates for our purpose. First, reported
statistics are for the population of students statewid&erBnces in student composition will mean that
measures of reliability will differ to an unknown degreeNaw York City. More importantly, the
reliability measures are with respect to raw scaresthe scaled-test scores typically employed in VA
analyses. As a result of the nonlinear mapping betweennéwacaled scores, a given raw-score increase
yields quite different increases in scaled scores,rikpg upon the score level. For example, consider a
one point increase in the raw score (e.g., one additiorstign being answered correctly) on the 2006
fourth grade math exam. At raw scores of 8, 38 and G8ectsely, a one point increase translates into
scale-score increases of 12, 2 and 22 points. Even iatienee or standard error of measurement is
constant across the range of raw scores, as assuriadsital test theory used to produce reliability
coefficients in the technical reports, this would notheecase for scaled scores.

The technical reports provide estimates of the staretaods of measurement (SEM) for the
scaled scores. These estimates have a conceptual foarttiat differs from classical test theory in that
an IRT framework is employed. Even so, the results wellybe of general interest, as SEM estimates
for a given test, based upon IRT, test theory and gereddify theory, have been found to have similar
values™ The technical documents for New York report IRT stash@arors of measurement for every
scaled-score value. Reflecting our normalizationsalesscores discussed above, we normalize the
SEM and average over the grades and years. The dashedHigarem1 shows how the corresponding
variances (i.e.SEM ?) differ across the range of true score values. Wmast the weighted mean value
of the variance value to be 0.102 where the weights areltiere frequencies of students having the
various scores.

Even though this estimate is a lower bound for the measuremen variance when all aspects

of measurement error are considered, it is instruatiwese this information to infer upper-bound

estimates ooy =0§-0/ andoj; =04s Ok, =0k ~20, . With 0% =1, % =0.397 and

0.102 being a lower-bound estimatea)j;, 0.898 and 0.193 are upper-bound estimates,zofand Ujr,

1 Lee, Brennan and Kolen (2000).



respectively. Thus, effect sizes measured in relatian,, are more than twice as large as effect sizes
measured in relation to;. (Our estimate o7, is 0.439 = 0.19%) By contrastoyg is 1.0, which is

2.27 times as large as,, .)

The above estimate of the measurement error variancasadsd with the test instrument may

2

well be substantially below the overall measurement errrdmnxae,a”‘ , hot a reasonable point estimate.

As noted in footnote 4, Thorndike (1951) provides a useful, deteldessification of factors that
contribute to test measurement error. To a large dettresse fall within the framework outlined above
where the measurement error is associated with thetipel®f test items included in a test, the timing
(occurrence) of the test and these factoossed with students. Reliability coefficients based on the test-
retest approach using parallel test forms is recogniztéiebipsychometric literature as being the gold
standard for quantifying the measurement error fronha#ie sources. Students take alternative, but
parallel (i.e., interchangeable), tests on two or morairrences sufficiently separated in time so as to
allow for the “random variation within each individual in tlbamotivation, mental efficiency,
concentration, forgetfulness, carelessness, subjectivitgpulsiveness in response and luck in random
guessing™ but sufficiently close in time that individuals’ knowledgkills and abilities being tested are
unchanged. However, we know of only one application of this methihe case of achievement tests
like those considered hete.

Rather than analyzing the consistency of student testssower time, the standard approach used
by test vendors is to divide the test taken at a single poiime into what is hoped to be parallel parts.
Reliability is then measured with respect to the coast (i.e., correlation) of students’ scores across
these parts. Psychometricians have developed reliabilégumes that reflect the number of test parts and
the types of questions included on the test. As FeldBagwhan note (1989), such approaches
“frequently present a biased picture” in that “repor@dbility coefficients tend to overstate the
trustworthiness of educational measurement, and standard enderestimate within-person variability,”
the problem being that measures based on a single testeve ignore potentially important day-to-day
differences in student performance.

In the following section, we describe a method for obtaimihgt we believe is a credible point

estimate ofa,f_ and, in turn, a point estimate of the standard deviafigain scores net of measurement

error needed to compute effect sizes. The method acdoumést measurement error from all sources.

12 Feldt and Brennan (1989).
13 Rothstein (2007) discusses results from a test-retisiiliey analysis based upon 70 students in North Carolina
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Analyzing the Overall Measurement-Error Variance.

Using vector notation§ =r, +7, where S':[S,s ST 318], ri':[riys Tig riyg}, and
7 =[f7i,3 Mg ,M} . The entries in each vector reflect us havingdestes for grades three through

eight. LetQ(i) represent the auto-covariance matrix for thetiident’s observed test scores;

Q) =E(SS) =E(@n) +E(p)=T+o5 1 (7)

wherel is the auto-covariance matrix for the universales andl is a6x6 identity matrix. For the

population of all student. =EQ(i)=T +a,% I Wherea,% = Ea,% is the mean measurement error

variance in the population. Hef(i) is assumed to differ fror®(i*) only because of possible

heteroskedasticity in the measurement error agtostents;” and, therefore, the off diagonal elements

of Q(i) are assumed to be constant across students.

We employ test-score data from New York City tbneste the empirical counterpart of ,
Q. :Zi SS . Even though auto-covariance matrices typicalliece settings having equal-distant time

intervals (e.g., annual measures), here we contadescores of students across grades. Wheisas th

distinction is without consequence for studentsingikormal grade progressions, this is not truerwhe
students repeat grades. Multiple test scoressfmeated grades complicate the computatiof,oince

only one score per grade is included in our fortoaof S . We deal with this complication employing

three different approaches, computi@g using: (1) the scores of students on their fakirty of each

exam, (2) the scores on their last taking of exeimeor (3) pair-wise comparisons of the score erldht

taking in gradeg and the score on the first taking in gragtel, g=3,4,..€ . Because the three methods

yield almost identical results, we only preseninestes based on the first approach, using thedaste
of students in each grade.

A second complication arises because of missingteses. The extent to which this is a
problem depends upon the reasons for the missitag diescores are missing completely at randoereth
is little problem** However, this does not appear to be the casparticular, we find evidence that
lower-scoring and, to a lesser degree, very highirsg students are more likely to have missing exam
scores. For example, the dashed line in Figute®s the distribution of fifth-grade math scores of
students for whom we also have sixth grade scdresontrast, the solid line shows the distributadn
fifth-grade scores for those students for whom exsid scores are missing. The higher right taihm

latter distribution is explained by some high-sogrstudents skipping the next grade. Consistett wi

14 Reference
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this explanation, many of these students took the fifthegexdm one year and the seventh-grade exam
the following year. However, it is more common that thoike missing scores scored relatively lower in
the grades where scores are present. To avoid sittoblems associated with this systematic pattern
of missing scores, we impute values of missing scorieg &\S Proc MlI, first using the Markov Chain
Monte Carlo procedure to ....

Describe the method used to impute missing scores.

Table 1 shows the estimated auto-covariance maix for students in the cohorts entering the
third grade in years 1999 through 2005. With the exceptionrof ghaide scores, the estimates are
consistent with stationarity in the auto-covariances: éxample, consider the auto-covariance measures
for scores in adjacent gradesov(S 4.5 4.1) , Starting in grade four (i.e., 0.7975, 0.7813, 0.7958, and

0.7884). The range of these values is only two percent oh¢laa value (0.7908). A similar pattern
hold for two- and, to a lesser degree, three-graddragsores. This stationarity meaningfully reduces the

number of parameters needed to characteize In particular, letw® = Cov(S 4,S 4+s)» $=1.2,...,4,

starting with grade four. Estimates of these measueesh@wn in Table 3, along with the estimate of

=V(S4)=y"+0} . Inthe following section, we describe the approach usedtimate bottw; and

¥°, which yields an estimate of the variance in the gaimiversal scores;
; 2 _ 2 2
V(T g1=Tig) =20 -y)=2(¢°-w". Alternatively, o, = ops — 20,

Our estimation strategy draws upon an approachrmnty used to study the covariance structure
of individual- and household-level earnings, houosked and other panel-data time-sefresgiowever,
our application differs in one important way; here focus on test scores of students across grades,
whereas other applications typically consider eglisthnt time intervals (e.g., annual measures).

Our Approach We assume the time-series pattern of universaésdor each student is as
shown in equation (8).

Tig=PBligat8lg (8)

This first-order autoregressive (AR(1)) structuredels student attainment in grade g as being a

cumulative process with the prior level of knowledmd skills subject to decayf<1. Repeated

9
substitution yieldsr, , = 8%, +2,6’9‘365 s Wherer, is the initial condition. In the special case vehe

s=1

!5 The approach developed by Abowd and Card (1989 has been apuliedtended in numerous papers.
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B=1, 8 4 is the student’s gain in achievement while in gradfe Bhis special case is the basic structure

maintained in many value-added analyses, including yleedd model employed by Sanders. Models
allowing for decay are discussed by McCaffrey et. al. (R0&8lwell as Rothstein (2007).
Equation (8) and the statistical structure of éhg (i.e., 8, 8 ,, ...) together determine the

dynamic pattern of the universal scores as reflectduciparameterization df = E(r;7;) which, given
stationarity, is completely characterized gy, --,y* where y® =Er, T gTi g+s - BEfore considering a
specific specification of the , and the corresponding structurerof several general implications of
stationarity are relevant. First, stationaritydr’, = y° and Ez; 4, 4., = y* implies that

W'=Er 48 4. =y - By° is also stationary. The same is trueddr= Ez; 8 4.s =y° - By°™, s>0. This

stationarity and equation (8) imply the structure of the wngaments of2, shown in (9)

o = E(s?g )
:V)+JI§

o = E(S,g S,g+1) - E(Ti,g 1 Q)(Ti g+1 17k g+1): E(Ti g Tl 9)('31— +6 g+ 1/ g+ )
=By +yt

a)ZEE(S,g S,g+2) (T|g+/7|g)(ﬂ Tlg+ﬂ g+1+8| g+2+/7| g+z) (9)
=By’ +pyt+y?

W= E(S,g S,g+3) = E(Ti,g +17; g)(ﬂ B I g+1 Bgi,g+2 +8|,g+3+’7i ,g+3)
=BV + Byt Py iy

w4 = E(S,g S,g+4) = E(Ti,g +/7i g)(ﬂ B 1g+1 B g+ 2 B8| g+ 3 | g+ 4 /7| g+ )
=B+ B Y Py vyt

We consider alternative specifications of Wi@, thew?® and, in turn, the structure of the .
Model 1. Consider an individual-effects specification for #dg; 4 ,=u +& 4 wherey is an

random student effect wittz =0 and Ez? =af,. & 4 IS @ white-noise random errokg; ; =0,
Eug =0 ,andEr o 4=0. Also, E 45 ,=0 Og#g' . This structure implies that
W®= E7i g8 g+s = Elig (,u, + & g+s) E7i g4 =4 for all s>0 as well as the test-score auto-

covariances shown in (10).

16 We will generally refer tg 4 as the student’s achievement gain. However, when mioeeement is subject to
decay (3<1), 4 4is the gain in achievement gross of that deéy,;=§ ., =S ¢ +(1-B)7 4
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f =y’ +07
=gy +A
o =%y +(B+1)A (10)
o = B0+ B2+ p+1)
a)4:,6’4y0+(,6’3+,6’2+,6’+1)/1
This model includes two pertinent special cases. Hirgf,=0,0i, theng , =g ,; the grade-
level gains of students are independent across gradesinmiies that A =0 and that the equations in
(10) reduce tas® =8°)°, s=1,2,3,4. Second, if8 4 =14 +& 4 butthere is no decay in prior achievement
(B=1), the test-score auto-covariances are of the fafm )° +s1 .
Model 2: A complication arises when we specify more generasstatl structures of the
8 4and infer the implied structures gieand o, o, ... ; stationarity along with the recursive nature of
(2) result in the elements of the test-score auto-covegianatrix (e.g.,«”) being quite complex
functions of the models’ underlying parameters. This leads csnsider the alternative approach of

specifying a reduced-form parameterization ofghein (9). In particular, we consider the case where
/e =%, which implies the test-score auto-covariance structoogvn in (11). This specification
S

includes Model 1 as a special case where0. In the case ofa — o, (11) reduces to the case where

«’=p°y" +B* 'y, which is the structure resulting frogh, being a first-order moving average (i.e.,

al,g :‘gi,g +7T£i,g—l)-
F=y+a?
W =py +y
S=BY Py (11)
F=83/° v .y
By +,32¢’+,32a+3,,

=B Y B B

Let y represent the vector of unknown parameters for a model etovesstimate, where
a)(,\/)E[wO(,\/) WHx) @ (x) w3x) w"()()] For example,)(s[ag_ P /1} in (10) for Model 1.

Let &)E[&)O ot @ @3 &)4} represent the empirical counterpart of the unique eleroéatsto-
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covariance matrixQ. , i.e., Q. , shown in Table 3. We estimajge using a minimum distance estimator;

X is the value ofy that minimizes the distance betweefyy), and & as measured by
! ~ i i 2 . . . . . 0 .
Q=(d-aw(y)(@-wx)) =) j (a)‘ -’ ()()) . Thisequally weighted minimum distance estimator is

widely used, including empirical analyses of theoazovariance structure of earnings.
The intuition behind our approach for isolating #xtent of measurement error is relatively

straightforward. We illustrate this using the t&sbre covariance structure of Model 1 in (10).

Substituting the computed values®f for thew?® in (10) yields a system of five equations in four

unknowns. If the last equation were dropped froenethalysis, it would be possible to solve the sysié

four equations to obtain estimates gf= [a,?_ y0 4 /]] % The equations fowt, o, andw®, would

imply estimates of3, A and yO In turn, the estimate qto along with the first equation would yield

an estimate Off,% . This illustrates the importance of two key asgtioms. First, identification requires

the universal test scores to reflect a cumulatieegss in which there is some degree of persist@mrce

£>0). Second, there is no persistent (correlationhétest measurement error across grades.

Together, these assumptions allow us to isolatevheall extent of test measurement error.

Note that an alternative estimation strategy waigldo directly estimate student growth models
with measurement error using a hierarchical mosiination strategy. Compared to this strategy, our
approach has several advantages. First, havingmeicess of a million student records, estimaéing
HLM would be a computational challenge. Instea€e,simply computev and then need only minimize
Q. Using this approach, estimating the alternatpecifications is quite easy. Second, estimatingels

that allow for decay (i.e.f<1) is straightforward using the minimum-distancenestor, which would

not be the case using standard HLM software. FKinather than the assumptions regarding first and
second moments discussed above, the minimum-deststionator does not require us to assume the
distributions from which the various random compusere drawn. Such explicit assumptions are
integral to the hierarchical approach.

Results Parameter estimates for the alternative modelsiségrl above are shown in Table 4.
The first column corresponds to Model 1 and thei§igation shown in (10). Estimates in the second

column (Model 1a) are for the case where the gladsl-gains for each student are assumed to be

" See Cameron and Trivedi (2005, pp. 202-203) for a general dimtwésninimum distance estimators. The
appendix in Abowd and Card (1989) discuss these estimators aotiext of estimating the auto-covariance of
earning.

18It is the over-identification of parameters in the &gt of equations that leads us to estimate the panamieye
minimizing Q.
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independent across grades, implying tiiat =4 =0. Model 1b employs the student-effect specification
8.4=H *+& 4 asin Model 1 but maintains that there is no decay im pobievement (i.e.f=1).

Finally, estimates in the last column of Table 3 ardlie specification in (11), which includes the other
three models as special casés.

Note the meaningful difference in the estimategaind across the four sets of estimates. The

gualitative differences are the result of the statiopamitest-score variances across grades. Given the

time-series pattern of test scores maintained in egqués), it follows that
Er?, = B?Er?,  +EQ% +2[ET, ;4 ;. Stationarity ofEr?, = ErZ,_; = y° implies that(l— /32) W=02+28y
which implies a relationship betweghand ¢ . For example, whe =1, ¢ = —02/2 <0. Thus,f < On

Model 1b is to be expected and is consistent with ttimate 3 = 1.009in Model 2. Model 2 includes the other

specifications as special cases. However, the paraestimates in Model 2 differ in important ways

from estimates in the other models and yield a bettertfitd®n «( ) , and w as measured by

: : 2
Q= z j (cb‘ - ()()) . Thus, in the following analysis, we will emplpgrameter estimates for Model
2.
We estimate the parameters of the alternative-@atariance structures to quantify the overall

test measurement error measurecbtﬁy. In this regard, the results in Table 4 are quiteist. In the

four specifications, as well as other specificatiestimated but not reported here, estimates,%ofall

fell within the 0.16 to 0.18 range, increasing oanfidence that approximately 17 percent of theaVe

dispersion in the NYS tests is attributable to masiforms of test measurement error.

Our estimates ofr, ;) andV(s ) -- that is j° =0.827 and &° = 0.992 -- imply the overall

22 50
generalizability coefficient is estimated to g = % = {/—0 =0.834. This is meaningfully smaller than
s W

the reliability coefficients, approximately equal@.90, reported in the test technical reportsianudied

by the reported (IRT) standard errors of measuréwisnussed above. A technical report for North

19 The standard errors reported in Table 4 are the sqaats of the diagonal elements of the estimated covei
matrix of ¥, V() =| D’D]_l[D’V(d))D][D’D]_l. Here D is the first derivative ofu(y) with respect toy
evaluated ajy . Standard deviations for the parameter estiniatasdel 2 are not reported because of
computational problems associated WidID being close to singular; in this case the determihﬁfﬁ)| equals
5.31E-15. In contras{P'D| equals 8.55E-3, 10.3 and 20.0 for models 1, 1a and 1b, riespect
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Carolina’s reading test reports a test-retest reiiglsitjual to 0.86° only slightly larger than our
estimate. Even so, it is important to note that tbegiNCarolina estimate was based on an analysis of 70
students and is for a test that may well differ inant@nt ways for the New York tests.

Our primary goal here is to obtain credible estimatehebverall measurement-error variance,
so that we can infer an estimate of the standard a@viat students’ universal-score gains measuring

growth in skills and knowledge. Utilizing Model 2 estimates,oalculate the variance of gain scores net
of measurement error to be 0.0634, = 625 —2&,72D =0.398- 7]0.165 0.06. Thus, we estimate the
standard deviation of universal gain scores t0.BB9) indicating that effect sizes based on theetson

in the gains in actual student achievement arehigugur times as large as those typically repartéere

it is useful to summarize how we come to this caosicn. Comparing the magnitudes of effects retativ

to the standard deviation of observed score gaips= 063, rather than the standard deviation of
observed scoresrg =1.0, would result in effect size estimates being rdydld percent larger. Thus,
most of the four-fold increase results from accounfor the test measurement error, i.e., employing
d%, =0.067 rather thang, = 063 as the measure of gain score dispersion. Ttge ldifference reflects

that less than 20 percent of the dispersion in geames is actually attributable to the dispersibn

academic achievement gaffis.
We have focused on the mean measurement errancarfor the population of studentz,?_, ,

because of its importance in calculating effeotsizHowever, we are also interested in the exvent
which measurement error varies across students.ciini be estimated in a relatively straightforward

manner. Equation (8) implies that the varianc&Qf, - 8S ¢ =8 4.1/ g1~ B/ ¢ €quals the expression
shown in (13).

V(Sgu=BSg)=08+ag + flop=0f+(1+ Y0 (13)
This, along with the formula? =(1—,6’2)y°—2,6’z// % and our estimates mf,?_ . V°, B, andy , imply

the estimator of the measurement error variancedoh studen'rz,‘},fi , shown in (14).

29 At the same time, Sanford (1996) reports Coefficigohakeliability coefficients for the reading compresien
exams in grades three through eight as ranging from 0.92 to O, we see a large difference between the type
of measure typically reported and the actual extent asSorement error.

za 5&, =0.068 implies that the generalizability coefficient for stntlgain scores,

KA = (&g,/&fs) =(0.069 0.39)= 0.16, is much smaller than that for scores.

2 This follows from the formulél— ,6’2) Y’ =0z + 2By derived above.
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& (s,g+1—/?s,g)2—&5] [;fﬂ(s,gﬂ—/%a,g)z—((1—/%2)y°—z/%w)]
= 1 —~ = 9=1 — (14)
(1+,6’2) (1+,82)

«
1

ESEN

To explore how the measurement error varies across studengssume that,fi for the ith student is a
function of that students’ mean universal score acrosiegravhich we estimate using the student's mean
c -1
test score§ =524 g -
The solid line in Figures 1 shows the estimated relatipristtiween the estimate”§i and Q .

Here the values o§ for all students are grouped into intervals of ler@tt0 (e.g., values o between
0.05 and 0.15). The graph shows the mean valuii;i dior the students falling in each interval. In this

way, the solid line in the graph is a simple non-parametacacterization of how the overall

measurement error varies across the range of univemsabks As discussed above, the dashed line shows
the average measurement error variance associatechwitbst instrument, as reported in the technical
reports provided by the test venders.

We find the similarity between the two curves in Figuriite striking. In particular, our
estimates of how the overall measurement error variaardes over the range of universal scores follows
a pattern almost identical to that implied by the sneament error variances associated with test
construction, as reported by the test vendors. The overmlhea estimates are larger, consistent with
there being multiple sources of measurement error, iniaadd that associated with the test
construction. It appears that the measurement errongarassociated with these other factors is roughly
constant across the range of achievement levels. Thestemty of results from quite different strategies
for estimating the level and pattern of the measurement ercoeases our confidence in the method we
have used to estimate the variance in universal sedns gnd, in turn, effect sizes.

Going beyond increasing our confidence in the statisticabapprwe have employed to estimate
the extent of measurement error for the overall populatistuoents, the relationship between the
aggregate measurement error variance for individual sssided their universal scores shown in Figure 2
allows us to estimate the distributions of universal scardsuaiversal gain scores. For example, the
more dispersed line in Figure 3 (short dashes) showsdtrddtion of gains in normalized scaled-scores
between grades four and five. Because of the measuremamembedded in these gain scores, this

distribution overstates the dispersion in the universal gaires,A7; 5. Such gain scores can be

“shrunk” using the empirical Bayes estimator, to accéoamthe measurement error. The line with long

dashes is the distribution of empirical Bayes estimatesiokrsal gain scores, computed using the

18



formula AS%B =G AS s+t (1-G ) ASs whereGiA EJKT /(JAZT +c7A2,7i ) andASs is the mean value
of A§ 5. Even though the empirical Bayes estimamﬁ',ﬁ;B) is the best linear unbiased estimator of the
underlying parameters for individual studen&sri(5)23, the empirical distribution of the empirical Bayes
estimates understates the actual dispersion idistrébution of the parameters estimated. Thus, th
empirical distribution of theﬁS%B shown in Figure 3 understates the dispersionarethpirical
distribution of universal gain scoreBy (z) = zi I (Ari,g < z)/N . As discussed by Carlin and Louis

(1996), Shen and Louis (1998), and others, it ssilxde to more accurately estimate the distributibn

At; 5 by employing an estimator that minimizes the exgedistance defined in terms of that

distribution and some estimatérN . If At 5 and7; 5 are normally distributed,

. @

_AcEB
E[FN (Z)|S] :zi d){ Z895 j/N . This motivates our use of the formula

. _AcEB
Fn (z)‘S: Zi d){ Z S'E’A j/N to estimate the empirical density of universahgaiores shown by the

I \/a

solid line in Figure 3*

To this point, our discussion of the importancaatounting for measurement error in the
calculation of effect sizes has been in generaiderWe apply the methods described above to dgsma
of the effects of teacher attributes to make thaications of these methods clear and to suggestltie
growing perception among researchers and policyrsakat observable attributes of teachers make litt

difference in true student achievement gains mayiséeading.

An Analysis of Teacher Attribute Effect Sizes

In a recent paper, Boyd, Lankford, Loeb, Rockoffl &iyckoff (2007) use data for fourth and
fifth grade students in New York City over the 200005 period to estimate how the achievement
gains of students in mathematics are affected dytfalifications of their teachers. The effectaafcher

attributes were estimated using the specificatimws in equation (15).

Sitgty - Siwe@ o) = Yo + Y1Ziy + Y3 Co + Ya T+ m + g + 1y + ity (15)

2
2 AS%B is the value o@ri,g which minimizes the loss functioi:i (Ari,g —@Ti’g) :

24 An alternative would be to utilize the distribution ohstrained empirical Bayes estimators. Louis (1984) and
Ghosh (1992).
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Here the standardized achievement gain score of stuishesithoolk in gradeg with teachet in yeary is

a linear function of time-varying characteristics of shedenZ, characteristics of the other students in
the same grade having the same teacher in thaCyead the teacher’s qualificatioms The model also
includes student, grade and time fixed effects anddorarerror term. The time-varying student
characteristic is whether the student changed schools beywaen Class variables include the
proportion of students who are black or Latino, the propoxtiba receive free- or reduced-price school
lunch, class size, the average number of student alsserte prior year, the average number of student
suspensions in the prior year, the average achievement ststadents in the prior year, and the
standard deviation of student test scores in the prior yleaching experience is measured by separate
dummy variables for each year of teaching experience agabegory of 21 or more years. Other
teacher qualifications include whether the teacher passegtieeal knowledge certification exam on the
first attempt, certification test scores, whether andhat area the teacher was certified, the Barron’s
ranking of the teacher’s undergraduate college, math and ®hdascores, the initial path through
which the teacher entered teaching (e.g., a traditaniige-recommended program or the New York
City Teaching Fellows program) and an interaction termh@fteacher’s certification exam score and the
portion of the class eligible for free lunch. The staddarors are clustered at the teacher level to
account for multiple student observations per teacher.

Like much of the research briefly summarized in theoohiction, Boyd et. al. (2007) find that
while teacher experience is statistically significart appears important, few of the other measures of
teacher qualifications are statistically significanbbeven modest effect sizes as traditionally measured.
(See Table 6 for a full set of parameter estimatese)réfiroduce the parameter estimates for selected
measures of teacher attributes from Table 6 in the firatoolof Table 7. These estimated effects,
measured relative to the standard deviation of observecthstciEevement scores, seem to indicate that
none of the estimated effect sizes are large by standesemployed by educational researchers in
other contexts (see, Hill et. al., 2007). However, atldze effect of not being certified, and a one
standard deviation increase in math SAT scores, is c@ileatio about two-thirds of the gain that accrues
to the first year of teaching experience, an effect whiokt observers believe is meaningful.

The second column of Table 7 shows the estimated effeetsadio to the standard deviation of
observedjain scores. As argued above, we believe that in many certtexsizes of effects should be
measured relative to the standard deviation of year-togaeas, not the standard deviation of
achievement. In the context of our analysis, estimafedtefizes measured relative to the standard
deviation of observed gains are 59 percent larger than blasgeel on the standard deviation of observed
scores. The additional effect of accounting for measeng error in gain scores is shown in column 3

where we employ the estimates of the standard deviationiwérsal gain scores corresponding to Model
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2 in Tables 4 and 5;0,7_ =0.260€&. Netting out test measurement error, we seeffieet sizes estimates

for teacher attributes are substantially largesr éxample, the effect of a student having a segead
teacher, rather than teacher having no prior egpese, is estimated to be about a quarter of aatend
deviation in the (universal) achievement gain eigmered by students. Although somewhat smaller, the
effect of having an uncertified teacher, or a teaetith a one standard deviation lower math SAT, is
about 16 percent of the standard deviation of He i achievement net of measurement error.
Finally, Boyd et. al. (2007) examine the joint effef all observable attributes of teachers as
described in the first paragraph of this sectiomsing the estimated model to predict the valuesdddr
each student based only on these observable &sjtdwlding all of the other variables in Table 6
constant. The estimates for teachers in the poguestile of schools are divided into quintileséed on
their predicted value-added. The difference betwkerhighest and lowest quintiles is 0.16 (0.11whe
experience is held constant). Recall that thisnede is relative to the standard deviation of obse
scores. When the estimated effect is adjusteddouamt for test measurement error, the effectisize

much greater than a half a standard deviationefithversal score gain.

Summary

Understanding the implications of VAM estimategnigortant as they are increasingly being
employed to inform policy decisions. Estimateshaf effects of teacher attributes commonly employed
in VAM estimates using state and district studehievement tests are frequently small or statibyica
insignificant. In this paper we explore the rdlattmeasurement error plays in creating the paorept
that observable attributes of teachers mattee.litt/e believe this paper makes two important
contributions. First, we have laid out a relativeiynple approach for estimating test measuremeot er
from all sources and calculating the standard dievis of universal scores and universal gain scores
Second, when applied to estimates of the effetstaather attributes commonly observed in the litesgt
we find that many of these attributes are respdméds important gains in student achievement.

Our approach for estimating the test measuremeuot eariance for the student population of
interest, as well as how the variance varies agtskents, is possible to the extent that (1) anelom
components in test scores for each student assdaiath test measurement error are not correlated
across grades and (2) the grade-to-grade gaittaderg achievement are to some extent persistent (i

£>0). In such settings, it is possible to specifatigkly general structures for the auto-covariasfce

observed test scores, for which the underlyingrpaters can be estimated in a relatively straighiéiod

manner, yielding estimates of the overall exterteef measurement error. In turn, this allows us to
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guantify the dispersion (e.g., standard deviation)udestt achievement as measured by universal scores
as well as the dispersion in universal gain scores.

We apply these methods to a recent paper that reports &sAiviates of various teacher
attributes (Boyd et. al., 2007). Many of these estimatesaagp®all when compared to the standard
deviation of student achievement, that is effect sizessefttean .05. However, when measurement error
is taken into account the associated effect simesféen about 0.16. Furthermore, when teacher
attributes are considered jointly, based on the attributeesiohers commonly observed, the overall effect
of teacher attributes is much greater than half a atdrakviation of universal score gains. We judge
these effects to be important from a policy perspectind,believe they should inform the recruitment of
teachers.

We have much to learn about how to employ VAMs to help impeoweation policy and student
achievement. Much of this modeling is at a formativeestagerms of conceptual models of student
learning and statistical models that account for thmmmlex learning process and the vagaries of

observational data in education.
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variance

relative frequency

Figure 1
Estimated Total Measurement Error Variance and Average
Variance of Measurement Error Associated with Testrument (IRT Analysis)
Grades 4-8 and Years 1999-2007
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Figure 2

Distributions of Grade Five Test Scores by Whether Records Include Scores for Grade Six
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Figure 3
Distributions of Gain Scores, the Empirical Bayes Edesaf Universal Gain Scores
and the Estimated Empirical Distribution of UniversalitScores, Grade 5
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Table 1 Auto-Covariance Matrix of Test Scorss,

Grade3 Grade4 Grade5 Grade6 Grade7 Grade38
Grade 3 1.0000 0.7598 0.7199 0.6940 0.6869 0.6432
Grade 4 0.7598 1.004 0.7975 0.7675 0.7574 0.7189
Grade5 0.7198 0.7975 0.9933 0.7813 0.7639 0.7218
Grade 6 0.6940 0.7675 0.7813 0.9899 0.7958 0.7579
Grade7 0.6869 0.7574 0.7639 0.7958 0.9820 0.7884
Grade 8 0.6432 0.7189 0.7218 0.7579 0.7884 0.9826

Table 2
Auto-Covariance Estimates
Assuming Stationarity
parameters estimates S.D.
0.9924 0.0022
0.7907 0.0018
0.7631 0.0018
0.7396 0.0018
0.7189 0.0017

SR

>
~
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Table 3
Estimates of Parameter for Alternative Test-ScoreALibvariance Structures
Model 1 Model 1a Model 1b Model 2
o2 0.1699 0.1775 0.1795 0.1650
4 (0.044) (0.026) (0.025)
IV 0.8225 0.8149 0.8129 0.8274
(0.058) (0.038) (0.038)
B 0.8647 0.9687 1.0092
(0.432) (0.008)
Aory 0.0795 -0.0239 -0.0443
(0.330) (0.006)
a 0.3410
Q 4.059E-08 | 7.344E-06 | 1.202E-05 | 2.674E-9
Table 4
Variance Estimates Associated with the Four Modelsaild 4
Model 1 Model 1a| Model 1Ih  Model 2
Variance in scores for a particular grade 0.9924 0.9924 0.9924 0.9924
Variance in universal scores for a particular gradé).8225 0.8149 0.8129 0.8274
Variance in gain scores 0.3980 0.398D 0.3980 0.3980
Variance of the gain in universal scores 0.0582 0.0430 0.0B90 0.0680
Standard deviation of universal score gain 0.2412 0.2074 0.20975 0.2608

26



0£9'8.S

[6%°0]
£2000°0-
[60°0-]
8€T00°0-
[00°T]
99800°0
[oz'T]
¥9£20°0
[oT'T]
€LTT00
x[G6°V]
80TE0°0

»[76°2]
GESTO'0-
x+[90°9]
¥£000°0-
»+[G0°6]
£7000°0
[s2'T]
98900°0
ezl
9Z¥T00
(81Tl
867100

x«l2, Gl
GEZY0 0-

SUOoNeAIasqO
youn| aaJ; uoniodoud ssejo
+1SV1 I8sydesa |
1BYI0
uolrenjens [enplAlpu|

eollaWy o) yoes |

smo|jo4 Buiyoea] DAN

papuswiwodsy abs|j0d

Buiyoess oyur yred feniu

Buissiw 1vs

LVS [eqIaA paindw|

1VS yrew pamdu
annnadwo) 1sea
annnadwo)

annnadwod 1so

9b9||00 priblapun suolieg

paljilad 10N

[29°0]
12500°0-
[Sso'T]
980T0'0
[s6°0]
258170°0-
[og'T]
980200
[9z'0]
88T00°0
[25°0]
GZ000°0
[¥6°0l
/G900°0
x[68°€]
11680
052l
8G9¥2°0
x[29°2]
989¢T'0
x[20'V]
T9TYT'0
x[0T"€]
86280°0
x«[9€°9]
¥9v21°0
x[28°9]
25210
(128l
€92T°0

Jayio payniad
pa [e10ads payniad
90UBIIS payaDd
UreN payiieDd
Buissiw 1SV

9102s 1Sy pawnduw|

1841 ssed 118D

3J0W 10 TZ

0¢

6T

8T

LT

9T

aT

1

LC

x[€2°8]
TE8TT'0
x[99°2]
6020T°0
»[T7°6]
265210
x+[G8°6]
€69€T°0
x[70°0T]
S AAN0)
x[18°0T]
868TT'0
x[22°2T]
10€2T°0
x[8G VTl
GOEET 0
[T vl
LTT°0
x[16°LT]
80YET 0
x+[95°9T]
GOTT'0
x[T9°0T]
6590°0

x[22°8]
2ZLTT 0"

[t6'T]
2££20°0-

€T

4"

1T

0T

€

[

x«[82°88]
6.788°0-
(62 TE]
TI8EE0
x[82°2]
690710
x[0T"GT]
L9€TO'0-
x[0V"€]
1250T°0
[tool
T8T00°0-
[9T°T]
20620°0-
9T VTl
T¥62y°0-
x[9€"€]
2000
x[G6°€]
/8895°0-
[s2T]
TT,20°0-
x[9T"9T]
¥161G°0-
x[68°2T]

aousuadx3 9/G1°0-

So|qelre A\ lBydes |

x+[09°9]

T-18103s yrew AQsceT.LEO0 O-

[taT]

T-19100sv13a Ads LVvT.TO

T-1 81092S yrew ueap
T-1 8J02S Y13 UBs\

T-1 suoisuadsns uea

T-1 S@ouasge ues|y

younj| pasnpai uonJiodoid
youn| 834 uoniodold

Bu3 Bue| sawoy uoniodolid
urlea Bue Bu3g uoniodouid
9zIs sse|D

Jayjo uoniodoid

uelsy uonJlodoid

oe|g uonlodoid

oluedsiH uonJodoid
ss|qelreAsse|D

sj00yos pabueyd Juspms

lueisuo)

G002-000¢ ‘'S199443 PaxIi4 UspNIS YIM G 7 ¥ Sope .9 Yle |\l 0} PPo N eseq ‘Ga|de L



28

Table 6
Estimated Effect Sizes for Teacher Attributes Model for
Math Grades 4 & 5, NYC 2000-2005

Effect Sizes:
Estimated effects relative to

S.D. of S.D. of S.D. of
observed observed gainuniversal sce
score score gain
First year of experience 0.065* 0.103 0.253
Not certified -0.042** -0.067 -0.162
Attended competitive college 0.014* 0.022 0.054
One S.D. increase in math SAT score 0.041* 0.065 0.158
All observable attributes of teachers 0.162 0.256 0.631

** 1% statistical significance * 5% statistical sigo#ince.
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