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Abstract

Using a dataset covering over 10,000 Australian primary school teachers and over
90,000 pupils, | estimatbow effective teachers are in raisiagt u d &est scerés

from one exanto the next. Since the exams are conducted only every two ytaars,
necessary tdake account othe work of the teacher in the intervening ydaven

after adjusting for measurement errdre tresulting teacher fixed effects are widely
dispersed acrosseachers, andhere is a strong positive correlation betwesn

t e a & lyans i literacy and numeracy. Teacher fixed effects show a significant
association with some, though not all, observable teacher characteEspesience

has the strongesteffeavi t h a | arge ef fect i n t.he ear|l
Female teachermo better at teaching literacy. Tearhwith a masters degrear some

other form of further qualificatiomlo not appear to achieve significantiyger test

score gain. Oveall, teacher characteristics found in the departmental payroll
database can explain only a small fraction of the variance in teacher performance.
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1. Introduction

In manyoccupations, it is relatively straightforward estimateworker productivity.
Standard proxies for output includelldble hours for lawyers, valueadded for
builders, and research output for economistst for school teachers, measuring
output is considerably trickielOnecommonly used measure of teackfectiveness

is expert assessment, in which an outside observer watches a teacher for some period
of time, and forms a view as to his or her competence. However, since each observer
only ewer has the chance to see a relatively small number of teatthersbserver

will typically find it difficult to compare the teacher with all other teachers, or to
separate teacherspecific factors from other factors that may affect student

achievement

Given thatc h i | dastesnoesiave been shown to hmositively correlatedwith

subsequent educational and labor market outcomesn results areften usedas a

measure okducational outpult Therefore, anatural measure deachemroductivity

mightbe t hought to be the average test score
While this approach allows the use of a common benchmark for all teactserféeris

from the problem that large portion of the variance mhi | dr end6d9s t est S
detemined by family background rather than by what is learned in sch@els eg.

Coleman et al 1966)

This paper therefore seeks to estimate teacher oubpui { e a effeciveness )

using changes intest scoresfrom one test to the nektlmplementing suec an

approach requirepanel data, in which teachers and students are observed over
multiple years.Using a fixed effects regressioit is possible toseparatestudent

effectsand teacher effects and to thereby esti mate some
adde®@ of a particular teacher.

! Test scores have been shown to be positively correlated with the high school graduation rate, future
employment prospects and adult wages (Bishop 1991; Murnane, Willet and LeyyM8&s and

Fleming 1998a, 1998b; Currie and Thomas 20#dnushek and Raymond 2002

% In educational policy in Australia, thetesit eac heorqédalkiatneérisiedoneont i venes s
parlance, but is typically associated with pedagogy, work ipes;tand professional development

programs: focused on improving the quality of teaching, given the current teaching workforce (see eg.

Australian College of Educators 2001, and the reports of the Teacher Quality and Educational
Leadership Taskforce). Byontrast, my measure of teachadfectivenesds individuatspecific, and

does not change over the brief period in which the students were observed.



By contrast with approaches thmvestigate the correlation between student and
teacher characteristics in a single crssstion the use of panel data makes it possible
to take account of the fact th@achers are not ranahy assigned to studentshis is

true both across school®#éichers may choose to work at a particular school because
of the makeup of the student bgdwpnd within schoolspfincipals may assign the
most effective teachers to timeost gifted orstrugglirg students Panel data take
account of this issue bincluding out a student fixed effect, thereby making it

possible to compare the performance of the same student under different teachers.

A similar strategy to that implemented in this paper has lbeemned outin three

recent US studies. Using data from Texas, Rivkin, Hanushek and Kain (2005)
estimate a fixed effects model on a population of over half a million students. Their
dataset allows them to identify the school and grade for each teachstudedt. For
schools with only one teacher per grade, this allows them to match teachers and
students perfectly, while for other schools, they are able to match groups of teachers
with groups of students. Rivkin, Hanushek and Kain find that differenceséet
teachers explain about 15 percent of the measured variance in student test scores. In
both reading and mathematics, a one standard deviation increase in teacher
effectivenesdeads to an increase in student achievement of aroundentie of a
standad deviation. The authors also explore the issues of qualifications and turnover,
concluding that teacher qualifications explain little of the variance in teacher
effectivenessand that those teachers who leave the profession are not substantially
differert from those who remain

Similar research by Rockoff (2004ses data from two school districts in New Jersey.

Whi | e Ro c k edmpri@esonlysadaoutplD,@0 studentse has the significant
advantage that he is able to precisely match studentsathetes.Rockoff finds
significant variation in teachesffectivenesswith a point estimate similar tivkin,
Hanushek and Kainmoving one standard deviation up the distribution of teacher
fixed effects raisest udent s®é readi ng aootdneterdhtoha t e st
standard deviatioon the national scal&\ similar study by Aaronson, Barrow and

Sander (2007), using data from Chicago high schdotsl that a one standard



deviation increase in math teachedfectivenessover a full yearraisesstucent test

scores by 0.15 standard deviations

Outside the United Stateselatively little research has been carried out on the
measurement of teacheeffectivenes§ One of the main challenges is that
standardized tests are often not administered annuatly example,elementary

school pupils are typically tested in grades 3, 5 and 7 in Austagiés, 5, 7 and 11 in

England, ages 8 and 11 in Franaedgrades 2, 5and 7 in SwederO6 Donnel | 2004
The estimation of teacher fixed effects models witmibigl data is therefore an issue

of considerable policy relevance.

This paper uses data from the state of Queenshumtralia,where standardized tests

are conducted every two yeawWith over90,000 primary school pupil& grades 3o

7 between 2001rad 2004t is possibleto estimate the teacher fixed effects for over
10,000 teachers. To preview the results, | find that the teacher fixed effects are jointly
significant, and highly dispersed.aving from a teacher at the 25th percentile to a
teacher athe 75th percentilevould raise tesscores i oneseventhof a standard
deviation. | find that teacher experience is positively correlated with teacher
effectiveness but find no positive effects of teacher qualificationsn test scores
Female teacherdo better at teaching literacy. Overall, however, these factors account
for less than ondundredthof the variation between teachers. Most of the differences

between teacheezredue to factors not captured in the payroll database.

The remainder of thispaper is organizedas follows. Section Z2outlines the
methodology, andestimates a teacher fixed effects modgéction 3analyses the

teacher fixed effect terms, to see how much of the variation between teachers can be

% In Australia, the closest study to this oiseHill and Rowe (1996), who use data from 13,700
Victorian primary and secondary school children to estimate the fraction of test score variance within
classes, and within schools. They conclude that variance at the class/teacher level constites 37
percent of measured variance, while scHewkl variance cortigutes just 48 percent of total variance.

A similar study focusing on year 12 students found that class/teacher effects consistently accounted for
59 percent of the residual variance in student achievement, compared with 5 percent at the school level
(Rowe 2000; Rowe, Turner and Lane 1999, 2002). Yet a signifidaatvback of these studies
(unavoidable given the data available to the researchers) is that they are unable to take account of the
nonrandom allocation oftudents across schools, aéchersacross classroom#s a result, one

cannot know whetheclassroordevel varianceis high because there are substantial differences in
teacher quality, or because schools tend to sort stuidémtslasses based on ability.



explained by qualifications and deographic characteristics. h& final section

concludes.

2. Estimating Teacher Fixed EffectdVith Biennial Tests

This study usede-identified microdatdor primary studentbetween grades 3 and 7
who attendedjovernment schools in the state of Queenstiumihg the years 2001

2004. Queensland administers standardized literacy and numeracy tests to all pupils
in grades 3, 5 and Bince the focus is on differences from one test to the hext,
restrict the sample to students who completed two tBsits.todata problems with

one cohort, the final sample consists of threkorts of studentslepicted in Table 1.

Table 1: Cohorts Used in the Study
Test years marked in italics.

Year Cohort 1 Cohort 2 Cohort 3
2001 Grade 3 Grade 5
2002 Grade 4 Grade 3 Grade 6
2003 Grade 5 Grade 4 Grade 7
2004 Grade 5
Sample Size
Literacy test 30,604 31,208 30,658
Numeracy test 30,715 31,278 30,826

Note: Sample size is in the first year oriMot all students are observed in all years.

In order toestimatethe relationship between teacher characteristics and changes in
student test scores, it is necessary to match data from four different files.

()  Using a dataset dést scores, | ussducation department identifier cocexd
student s6 bi sttce rdtag & sp @ rof omarharhce i n one
performance in the test taken two years later.

(i)  Using a dataset of student assignments to roll classesetusation
depatment identifier codeands t u d leirth daged to match students to a
particular classtom in each of the three years that they appear in the sample.

(i)  Using a dataset of teacher assignments to roll classestdlusiass
identifiers and school codes to match teachers to classrooms.

(iv)  Using a dataset of teacher payroll information, | usehagayroll identifiers
to match teachers to their age, experience, qualifications and gender.

* The test scores provided HYETA for students who took the grade 7 test in 2004 were missing
education department identifier codes.



Because some students move between gradesabsent on the day of the temst,
have their birthdates msoded in the datasdtam only able to make an exaunatch
for aboutthreequartersof students in the sampl&rom an initial cohort of around
40,000, the sandp sizes in Table 1 are arou@d,00632,000

The timing of tests in Australia also introduces complications. Previous papers that
estimate teadr fixed effect models (such &svkin, Hanushek and Kain 2005 and
Rockoff 2004) use data froelementary scho@xams that are administered annually,

at the end of the school ye#s a resultany change from one test to the neah be

attributed to ont one teacher (assuming no teacher turnover during the year).

By contrast,Queenslandlike other Australian states and territoriegministers its
statewide standardized tdsennially. Thusthe question arises of hawachers in the
intervening yeashould be treated. The two nigdausible approaches are: {@)ore

the intervening year altogether, or (lspate an assumed test score in the intervening
year, which lies at the midpoint of the other twetseln this section, | present both
methodsthe results of whichurn out tobe quite similar. To maximize sample size, |

therefore use the interpolation method in the following section.

A second complication is that tests are administered just afterititbe of the school

year (the school yeauns from January to December, and the tests are administered
in August).In the case of a chilavho takes tests in the middle of grade 3 and the
middle of grade 5it is therefore possible th#the grade 3 teacher contributes both

tests. Under most plaible assumptions, this will introduce only attenuation bias into
estimates of the teacher fixed effects terms.tfle extent that teachers focus their
attention on the test administered in their year, or the test is based on material taught
in that gradeand the preceding grade, the attenuation bias introduced by using mid

year tests will be small¢han otherwise

| use the results of 1&stsi literacy and numeracgxams administered tthree
cohorts of students at two grade leveMthough the testsare scaled so as to be

comparable over time and across gradletandardize each of the tests tmaan of



zero and atandard deviation of unityThus the average student has a test score of
zero, and the average change in the relative distributiotudéist test scores is zero.
Naturally, this does not mean ththe average student learns nothing between tests,
but that t he relatwepostgna the distridugon temans unchanged
between testA student who is 0.5 standard deviati@mvethe mean is performing

ataboutthe same level as the typical child in the next gfade.

| then estimate the following regression:

Xijsg =a + BjTj+ Cjsg + Qgt + Qs + Yi + gjsg (1)

Xijsg IS theliteracy or numeracyest score of indidual i taught by teacher, jn

schools, grade gandcalendaryear t.The main focus is ofy, the coefficients on the

teacher fixed effect termg;. Other controls are class sizeC gradé calendaryear

fixed effects Qg, school fixed effectsgs, andst udent f ijxepydisaef fect s

normally distributed error term.

An important advantage othis methodology is that focuses o t on student
performance in a single test, but tme difference between their performance in one

test and anothefhis helps to deal with one of the most common criticisms of exams

as a measure of school performance: that differences between students are determined
primarily by childrenoés home environment,

classroon.

® Such a rescaling has two advantages. First, it makes the coefficients more readily interpretable.
Second, it avoids the problem that the dispersion sifdeores tends to change systematically across
grades (falling for literacy, and rising for numeracy).-é&imating the results using the raw scores
makes no substantive difference to the results.

® This calculation uses the fact that the original scareddesigned to be comparable across grades and
years. In literacy, a student must score 0.57 standard deviations above the mean to be equivalent to a
child in the next grade. In numeracy, a student must score 0.48 standard deviations above the mean to
beequivalent to a child in the next grade.

't is possible that a studentés home background af
gain from one test to the next. Whether students at the bottom of the distribution tend to have larger or
smadler gains than those at the top of the distribution will depend primarily on thenwalyich the test

is scaled. deally, one might wishto include two student fixed effecisone for the level, and another

for the gain. However, the data provided to InyeDETA contains only two observations per student,

which makes it possible to include only a level fixed effect for each student.



Settingthe standrd deviationof the student test score distributitmone gives the
teacher fixed effects a straightfeard interpretationFor examplea teacher with a

fixed effect of one raisesh e r S t tast scords so0 average loye standard
deviation, relativeto all other teachers. Naturally, because the average change in
student test scores is zero, the avetageher fixed effect is also zerie.(students of

the average teacher maintain their position in the relative student test score
distribution).

The results of the studetével regression arshown in Table 3. These are noin
themselves particularly informagywhat matters most thatthe teacher fixed effects
are jointly significantOmitting nontest years (Panel A)a¢ value of the fest of he
hypothesis that the teacher fixed effects terms are equal to Z8dfsr literacy and
3.98for numeracyLinearly interpolating test scores in ntast years (Panel B), the
value of the Rest of the hypothesis that the teacher fixed effeatasare equal to
zero is 2.93or literacy and4.10for numeracyIn all cases, thesetEsts easily reject
the null that there are no systematic differences between teachers.

The class size coefficients are positfand statistically significant in the @@of
literacy tests). On its face, thmiggest that larger classes produce lesttliteracy
outcomes, but given the presence of nonrandortingof students across differdyt

sizal classesreaders are urged not to draw any causal inference from #ifeciemt

8 Computationally the student fixed effects and school fixed effects are estimated-imgaeing the

data, since at the time of writing, | was unable to obtain sufficient computing power to run a regression
with this many fixed effects. For a detailed discussion of the@warapproaches used to estimate fixed
effects models in the presence of computational constraints, see Abowd, Kramarz and Margolis (1999).



Table 2: Estimating teacher fixed effects from panel data

1)
Literacy test
Panel A: Dropping Non-Test Years

Dependent variable:

(2)

Numeracy test

Class size 0.0009*** -0.0003
[0.0003] [0.0003
GradéCalendar Yeafixed effects Yes Yes
Individual fixed effects Yes Yes
Schoolfixed effects Yes Yes
Teacher fixed effects Yes Yes
Observations (students*years) 185,188 186,014
Number of students 95914 96,001
Number of eachers 9238 9248
Number of schools 1058 1058
F-test for joirt significance of 2.84 3.98
teacher fixed effect terms [P=0.0000] [P=0.0000]
Panel B: Interpolating Non-Test Years
Class size 0.0005*** -0.0002
[0.0003 [0.0003
GradéCalendar Yeafixed effects Yes Yes
Individual fixed effects Yes Yes
Schoolfixed effects Yes Yes
Teacher fixed effects Yes Yes
Observations (students*years) 273,236 274,783
Number of students 95,921 96,008
Number of eachers 10,749 10,821
Number of schools 1058 1058
F-test for joint significance of 2.93 4.10
teacher fixed effect terms [P=0.0000] [P=0.0000]

Notes: *** ** and * denote statistical significance at the 1%, 5% and 10% levels respectively.
Standarcerrors in bracketdn Panel Bgrade 4 students are assigned the average of their grade 3 and 5
tests and grade Students are assigned the average of their grade 5 and 7 tests.

Not surprisingly, the teacher fixed effects for literacy and numeracy are highly
correlated.Using the results from Panel Bjgure 1 shows a plot of the two fixed
effects for each teacher in tsample. For the most part, teachers whose pupils have
aboveaverage numeracy gains also have akmrarage literacy gains; while teachers
whose pupils havéelowaverage numeracy gains also have bedverage literacy

gains.



The dispersion of the teaahiéxed effects terms provides a measure of the dispersion

of teacher performance across Queensland primary schéolgever, because the
teacher fixed effects are measured with error, the true variance of teacher performance
will be narrower than the digbution of the teacher fixed effects terms. Using the
maximum likelihoodshrinkage estimator described in Rockoff (2004), | use the
teacher fixed effects mms and their associated standard errors to estimate the true
standard deviatiof teachereffectiveness These estimates are set out in Table 3.
Using the shrinkage estimator, the standard deviation on the teacher fixed effects
terms fallsto around0.120.13 when nottest yeas are dropped, and to arali0.09

0.11 when nortest years are interpolatedhis indicates a very similar level of
dispersion across teachers in Queensland primary schools as has been observed across

schools in New Jersey and Texas

Table 3; Standard Deviation of Teacher Fixed Effect Terms

Raw Adjusted
Panel A: Dropping NonTest Years
Literacy 0.199 0.119
Numeracy 0191 0.13%
Panel B: Interpolating Non-Test Years
Literacy 0.1 0.092
Numeracy 0.158 0.107
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