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Abstract 

 

Using a dataset covering over 10,000 Australian primary school teachers and over 

90,000 pupils, I estimate how effective teachers are in raising studentsô test scores 

from one exam to the next. Since the exams are conducted only every two years, it is 

necessary to take account of the work of the teacher in the intervening year. Even 

after adjusting for measurement error, the resulting teacher fixed effects are widely 

dispersed across teachers, and there is a strong positive correlation between a 

teacherôs gains in literacy and numeracy. Teacher fixed effects show a significant 

association with some, though not all, observable teacher characteristics. Experience 

has the strongest effect, with a large effect in the early years of a teacherôs career. 

Female teachers do better at teaching literacy. Teachers with a masters degree or some 

other form of further qualification do not appear to achieve significantly larger test 

score gains. Overall, teacher characteristics found in the departmental payroll 

database can explain only a small fraction of the variance in teacher performance. 

 

Keywords: education production function, teacher quality, panel data 

JEL Codes: I21, J24, C23 

 

                                                 
*
 The paper has been improved as a result of comments from Steven Stillman, David Weimer, officers 

of the Department of Education, Training and the Arts, and seminar participants at the 2006 Labour 

Econometrics Workshop, the Australian National University, Queensland University of Technology, 

and the University of Melbourne. Elena Varganova provided outstanding research assistance. The 

support of the Australian Research Councilôs Discovery funding scheme (project number DP0665260) 

is acknowledged. While all care has been taken in preparing this publication, the State of Queensland 

(acting through the Department of Education, Training and the Arts) does not warrant that the 

publication is complete, accurate or current. The Department of Education, Training and the Arts 

expressly disclaims any liability for any damage resulting from the use of the material contained in this 

publication and will not be responsible for any loss, howsoever arising from use of, or reliance on this 

material. 

mailto:andrew.leigh@anu.edu.au
http://econrsss.anu.edu.au/~aleigh/


 2 

1. Introducti on 

 

In many occupations, it is relatively straightforward to estimate worker productivity. 

Standard proxies for output include billable hours for lawyers, value-added for 

builders, and research output for economists. But for school teachers, measuring 

output is considerably trickier. One commonly used measure of teacher effectiveness 

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 ever has the chance to see a relatively small number of teachers, the observer 

will typically find it difficult to compare the teacher with all other teachers, or to 

separate teacher-specific factors from other factors that may affect student 

achievement. 

 

Given that childrenôs test scores have been shown to be positively correlated with 

subsequent educational and labor market outcomes, exam results are often used as a 

measure of educational output.
1
 Therefore, a natural measure of teacher productivity 

might be thought to be the average test scores of the children in that teacherôs class. 

While this approach allows the use of a common benchmark for all teachers, it suffers 

from the problem that a large portion of the variance in childrenôs test scores is 

determined by family background rather than by what is learned in schools (see eg. 

Coleman et al 1966). 

 

This paper therefore seeks to estimate teacher output (or ñteacher effectivenessò) 

using changes in test scores from one test to the next.
2
 Implementing such an 

approach requires panel data, in which teachers and students are observed over 

multiple years. Using a fixed effects regression, it is possible to separate student 

effects and teacher effects, and to thereby estimate something akin to the ñvalue 

addedò of a particular teacher.  

                                                 
1
 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 Levy 1995; Marks and 

Fleming 1998a, 1998b; Currie and Thomas 2001; Hanushek and Raymond 2002). 
2
 In educational policy in Australia, the terms ñteacher qualityò or ñteacher effectivenessò is in common 

parlance, but is typically associated with pedagogy, work practices, and 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). By contrast, my measure of teacher effectiveness is individual-specific, and 

does not change over the brief period in which the students were observed. 
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By contrast with approaches that investigate the correlation between student and 

teacher characteristics in a single cross-section, the use of panel data makes it possible 

to take account of the fact that teachers are not randomly assigned to students. This is 

true both across schools (teachers may choose to work at a particular school because 

of the makeup of the student body), and within schools (principals may assign the 

most effective teachers to the most gifted or struggling students). Panel data take 

account of this issue by including 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 been carried out in 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 teacher and student. 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 differences between 

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 

effectiveness leads to an increase in student achievement of around one-tenth of a 

standard deviation. The authors also explore the issues of qualifications and turnover, 

concluding that teacher qualifications explain little of the variance in teacher 

effectiveness, and that those teachers who leave the profession are not substantially 

different from those who remain.  

 

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

While Rockoffôs sample comprises only about 10,000 students, he has the significant 

advantage that he is able to precisely match students to teachers. Rockoff finds 

significant variation in teacher effectiveness, with a point estimate similar to Rivkin, 

Hanushek and Kain: moving one standard deviation up the distribution of teacher 

fixed effects raises studentsô reading and math test scores by about one-tenth of a 

standard deviation on the national scale. A similar study by Aaronson, Barrow and 

Sander (2007), using data from Chicago high schools, find that a one standard 
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deviation increase in math teacher effectiveness over a full year raises student test 

scores by 0.15 standard deviations. 

 

Outside the United States, relatively little research has been carried out on the 

measurement of teacher effectiveness.
3
 One of the main challenges is that 

standardized tests are often not administered annually. For example, elementary 

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

England, ages 8 and 11 in France, and grades 2, 5 and 7 in Sweden (OôDonnell 2004).  

The estimation of teacher fixed effects models with biennial data is therefore an issue 

of considerable policy relevance. 

 

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

are conducted every two years. With over 90,000 primary school pupils in grades 3 to 

7 between 2001 and 2004, it is possible to estimate the teacher fixed effects for over 

10,000 teachers. To preview the results, I find that the teacher fixed effects are jointly 

significant, and highly dispersed. Moving from a teacher at the 25th percentile to a 

teacher at the 75th percentile would raise test scores by one-seventh of a standard 

deviation. I find that teacher experience is positively correlated with teacher 

effectiveness, but find no positive effects of teacher qualifications on test scores. 

Female teachers do better at teaching literacy. Overall, however, these factors account 

for less than one-hundredth of the variation between teachers. Most of the differences 

between teachers are due to factors not captured in the payroll database. 

 

The remainder of this paper is organized as follows. Section 2 outlines the 

methodology, and estimates a teacher fixed effects model. Section 3 analyses the 

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

                                                 
3
 In Australia, the closest study to this one is Hill 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 constitutes 37-54 

percent of measured variance, while school-level variance constitutes just 4-8 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 significant drawback of these studies 

(unavoidable given the data available to the researchers) is that they are unable to take account of the 

non-random allocation of students across schools, and teachers across classrooms. As a result, one 

cannot know whether classroom-level variance is high because there are substantial differences in 

teacher quality, or because schools tend to sort students into classes based on ability. 
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explained by qualifications and demographic characteristics. The final section 

concludes.  

 

2. Estimating Teacher Fixed Effects With Biennial Tests 

 

This study uses de-identified microdata for primary students between grades 3 and 7 

who attended government schools in the state of Queensland during the years 2001-

2004.  Queensland administers standardized literacy and numeracy tests to all pupils 

in grades 3, 5 and 7. Since the focus is on differences from one test to the next, I 

restrict the sample to students who completed two tests. Due to data problems with 

one cohort, the final sample consists of three cohorts of students, depicted in Table 1.
4
  

 

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 only. Not all students are observed in all years.  

 

In order to estimate the relationship between teacher characteristics and changes in 

student test scores, it is necessary to match data from four different files. 

(i) Using a dataset of test scores, I use education department identifier codes and 

studentsô birth dates to match studentsô performance in one test with their 

performance in the test taken two years later. 

(ii)  Using a dataset of student assignments to roll classes, I use education 

department identifier codes and studentsô birth dates to match students to a 

particular classroom in each of the three years that they appear in the sample. 

(iii)  Using a dataset of teacher assignments to roll classes, I use roll class 

identifiers and school codes to match teachers to classrooms. 

(iv) Using a dataset of teacher payroll information, I use teacher payroll identifiers 

to match teachers to their age, experience, qualifications and gender.  

                                                 
4
 The test scores provided by DETA for students who took the grade 7 test in 2004 were missing 

education department identifier codes. 
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Because some students move between grades, are absent on the day of the test, or 

have their birthdates mis-coded in the dataset, I am only able to make an exact match 

for about three-quarters of students in the sample. From an initial cohort of around 

40,000, the sample sizes in Table 1 are around 30,000-32,000.  

 

The timing of tests in Australia also introduces complications. Previous papers that 

estimate teacher fixed effect models (such as Rivkin, Hanushek and Kain 2005 and 

Rockoff 2004) use data from elementary school exams that are administered annually, 

at the end of the school year. As a result, any change from one test to the next can be 

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

 

By contrast, Queensland (like other Australian states and territories) administers its 

statewide standardized test biennially. Thus the question arises of how teachers in the 

intervening year should be treated. The two most plausible approaches are: (a) ignore 

the intervening year altogether, or (b) create an assumed test score in the intervening 

year, which lies at the midpoint of the other two tests. In this section, I present both 

methods, the results of which turn out to be quite similar. To maximize sample size, I 

therefore use the interpolation method in the following section.  

 

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

year (the school year runs from January to December, and the tests are administered 

in August). In the case of a child who takes tests in the middle of grade 3 and the 

middle of grade 5, it is therefore possible that the grade 3 teacher contributes to both 

tests. Under most plausible assumptions, this will introduce only attenuation bias into 

estimates of the teacher fixed effects terms. To the extent that teachers focus their 

attention on the test administered in their year, or the test is based on material taught 

in that grade and the preceding grade, the attenuation bias introduced by using mid-

year tests will be smaller than otherwise. 

 

I use the results of 12 tests ï literacy and numeracy exams administered to three 

cohorts of students at two grade levels. Although the tests are scaled so as to be 

comparable over time and across grades, I standardize each of the tests to a mean of 
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zero and a standard deviation of unity.
5
 Thus the average student has a test score of 

zero, and the average change in the relative distribution of student test scores is zero. 

Naturally, this does not mean that the average student learns nothing between tests, 

but that the average studentôs relative position in the distribution remains unchanged 

between tests. A student who is 0.5 standard deviations above the mean is performing 

at about the same level as the typical child in the next grade.
6
  

 

I then estimate the following regression: 

 

X ij sgt = a + ɓjTj + Cjsgt + Ɋgt + ɋs + Ʉi + eij sgt      (1) 

 

X ij sgt is the literacy or numeracy test score of individual i, taught by teacher j, in 

school s, grade g, and calendar year t. The main focus is on ɓj, the coefficients on the 

teacher fixed effect terms Tj. Other controls are class size Cjsgt, grade*calendar year 

fixed effects Ɋgt, school fixed effects ɋs, and student fixed effects Ʉi. eij sgt is a 

normally distributed error term. 

 

An important advantage of this methodology is that focuses not on studentsô 

performance in a single test, but on the difference between their performance in one 

test and another. This 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 childrenôs home environment, rather than what they learn in the 

classroom.
7
  

 

                                                 
5
 Such a rescaling has two advantages. First, it makes the coefficients more readily interpretable. 

Second, it avoids the problem that the dispersion of test scores tends to change systematically across 

grades (falling for literacy, and rising for numeracy). Re-estimating the results using the raw scores 

makes no substantive difference to the results. 
6
 This calculation uses the fact that the original scores are designed 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 

be equivalent to a child in the next grade. 
7
 It is possible that a studentôs home background affects not only the level of her scores, but also her 

gain from one test to the next. Whether students at the bottom of the distribution tend to have larger or 

smaller gains than those at the top of the distribution will depend primarily on the way in which the test 

is scaled. Ideally, one might wish to include two student fixed effects ï one for the level, and another 

for the gain. However, the data provided to me by DETA contains only two observations per student, 

which makes it possible to include only a level fixed effect for each student.  
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Setting the standard deviation of the student test score distribution to one gives the 

teacher fixed effects a straightforward interpretation. For example, a teacher with a 

fixed effect of one raises her studentsô test scores on average by one standard 

deviation, relative to all other teachers. Naturally, because the average change in 

student test scores is zero, the average teacher fixed effect is also zero (ie. students of 

the average teacher maintain their position in the relative student test score 

distribution). 

 

The results of the student-level regression are shown in Table 2.
8
 These are not in 

themselves particularly informative; what matters most is that the teacher fixed effects 

are jointly significant. Omitting non-test years (Panel A), the value of the F-test of the 

hypothesis that the teacher fixed effects terms are equal to zero is 2.84 for literacy and 

3.98 for numeracy. Linearly interpolating test scores in non-test years (Panel B), the 

value of the F-test of the hypothesis that the teacher fixed effects terms are equal to 

zero is 2.93 for literacy and 4.10 for numeracy. In all cases, these F-tests easily reject 

the null that there are no systematic differences between teachers.  

 

The class size coefficients are positive (and statistically significant in the case of 

literacy tests). On its face, this suggests that larger classes produce better literacy 

outcomes, but given the presence of nonrandom sorting of students across differently 

sized classes, readers are urged not to draw any causal inference from this coefficient.  

                                                 
8
 Computationally, the student fixed effects and school fixed effects are estimated by de-meaning the 

data, since at the time of writing, I was unable to obtain sufficient computing power to run a regression 

with this many fixed effects. For a detailed discussion of the various approaches used to estimate fixed 

effects models in the presence of computational constraints, see Abowd, Kramarz and Margolis (1999). 
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Table 2: Estimating teacher fixed effects from panel data 

 (1) (2) 

Dependent variable: Literacy test Numeracy test 

Panel A: Dropping Non-Test Years 
Class size 0.0009***  -0.0003 

 [0.0003] [0.0003] 

Grade*Calendar Year fixed effects Yes Yes 

Individual fixed effects Yes Yes 

School fixed effects Yes Yes 

Teacher fixed effects Yes Yes 

Observations (students*years) 185,188 186,014 

Number of students 95,914 96,001 

Number of teachers 9238 9248 

Number of schools 1058 1058 

F-test for joint significance of 

teacher fixed effect terms 

2.84 

[P=0.0000] 

3.98 

[P=0.0000] 

Panel B: Interpolating Non-Test Years 
Class size 0.0005*** -0.0002 

 [0.0002] [0.0002] 

Grade*Calendar Year fixed effects Yes Yes 

Individual fixed effects Yes Yes 

School fixed effects Yes Yes 

Teacher fixed effects Yes Yes 

Observations (students*years) 273,236 274,783 

Number of students 95,921 96,008 

Number of teachers 10,749 10,821 

Number of schools 1058 1058 

F-test for joint significance of 

teacher fixed effect terms 

2.93 

[P=0.0000] 

4.10 

[P=0.0000] 
Notes: ***, ** and * denote statistical significance at the 1%, 5% and 10% levels respectively. 

Standard errors in brackets. In Panel B, grade 4 students are assigned the average of their grade 3 and 5 

tests; and grade 6 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 B, Figure 1 shows a plot of the two fixed 

effects for each teacher in the sample. For the most part, teachers whose pupils have 

above-average numeracy gains also have above-average literacy gains; while teachers 

whose pupils have below-average numeracy gains also have below-average literacy 

gains. 
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The dispersion of the teacher fixed effects terms provides a measure of the dispersion 

of teacher performance across Queensland primary schools. However, because the 

teacher fixed effects are measured with error, the true variance of teacher performance 

will be narrower than the distribution of the teacher fixed effects terms. Using the 

maximum likelihood shrinkage estimator described in Rockoff (2004), I use the 

teacher fixed effects terms and their associated standard errors to estimate the true 

standard deviation of teacher effectiveness. These estimates are set out in Table 3. 

Using the shrinkage estimator, the standard deviation on the teacher fixed effects 

terms falls to around 0.12-0.13 when non-test years are dropped, and to around 0.09-

0.11 when non-test years are interpolated. This 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 Non-Test Years 
Literacy 0.199 0.119 

Numeracy 0.191 0.137 

Panel B: Interpolating Non-Test Years 
Literacy 0.153 0.092 

Numeracy 0.158 0.107 

 


