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1. Introduction

It seems common sense that teachers matter, anplbits will achieve more with an
inspirational teacher than with an average or geacher. Anecdotes abound of the
transformational effect of excellent teaching. Y®ing to quantify this is difficult,
principally because of the data requirements. Tegree, social science research has
emphasised family and home rather than teacherssemobl in the production of
human capitdl Disentangling the separate contributions of sthdeachers, classes,
peers and pupils themselves needs extremely ridHudindisaggregate data. Whilst a
small number of papers have been able to make ggsdrere, we do not yet have a

settled view on the importance of teachers.

Using a unique primary dataset for the UK, we estenthe effect of individual
teachers on student outcomes, and the variabilitteacher qualify We show that
teachers matter a great deal: being taught byraduglity (75" percentile) rather than
low quality (25" percentile) teacher adds 0.425 of a GCSE poinspiiect to a given
student, or 25% of the standard deviation of GC®Htp. This shows the strong
potential for improving educational standards bytaving average teacher quality.
However, implementing such a policy would not beaightforward, as we also

corroborate recent US findings that good teacherslifficult to identifyex ante.

As Rockoff (2004) notes, most of the issues in tieisl relate to data quality. We use
a unique primary dataset that matches a short pafnplipils to a short panel of
teachers. We link over 7000 pupils, their exam Itesand prior attainment to the
individual teachers who taught them, in each oirtisempulsory subjects in the
crucial high-stakes exams at age 16. These exemuglp access to higher education

and are highly valued in the job market.

Our dataset complements and in some ways exterdsutiient leading datasets in
this field used by Aaronson, Barrow and Sander [2q8BS), Kane, Rockoff and
Staiger (2007) (KRS), Rivkin, Hanushek and KainQ20RHK and Rockoff (2004)
(R). Like ABS and R, but unlike RHK and KRS, wenaaatch a student to her/his
actual teacher, rather than to the school-gradeageeteacher. Unlike ABS, KRS,

! Particularly since the Coleman report (1966).
2 Throughout this paper we use teacher “qualityslasrthand for the impact on test scores, and we are
clear that it says nothing about a teacher’s wigetributions to the school.



RHK and R, our context is one of students takingnex that are very important to
them and to the school. Unlike ABS, KRS, RHK andwR, exploit the fact that we
observe students taking three exams at the sarae alktwing us to use a point-in-
time student fixed effect, in addition to subjepesific prior attainment. We believe
that this allows us to control well for variatiomsstudent ability that might otherwise
corrupt our measures of teacher effectivenessidfestts are not randomly assigned to
teachers (see Rothstein, 2008). Finally, and atdikas ABS, KRS and RHK, our
student-teacher data are matched in and by theokdhos ensuring a high-quality
match. Nevertheless, while our data have these néalyes relative to existing
datasets, there are other issues with our datayardktail below these short-comings

and what we can and cannot estimate.

We show that the standard deviation of teacherceffness is 32.6% of a GCSE
point, or 18.9% of a standard deviation (1.722 G@8iats), from Table 5 column 1.

The lowest bound estimate we have is 28.8% of a E5@&int or 16.7% of the

standard deviation. These estimates are in litle those found in the US, which tend
to be around a 10% impact on test scores of a startidard deviation change in
teacher quality. Using another metric, teachercéffeness is about a quarter as
variable as pupil effectiveness. However, a teasheiffectiveness influences the
GCSE outcomes of the entire class, and so the @€achffectiveness has greater

leverage.

The next section reviews the current datasets asddighlights the advantages and
disadvantages of ours; we also summarise the seBoln these studies. Section 3
discusses our own dataset, and section 4 the e@&nompproach. Section 5 presents
the results. In the Conclusion, we discuss theicapbns of these results for policy

on teacher effectiveness, teacher selection, arntidancentivisation of teachers.

2. Evidence

As we have noted, the data required to estimateetfextiveness of teachers are

complex. Early studies, surveyed by Hanushek (20@&) to work with data that did

not allow complete controls for the characteristésstudents and the allocation of

students to teachers. Recent analysis has beenlyhugfped by the use of

administrative data, and a small set of recent izabave pushed the field forward a
1



great deal. Rothstein (2008), however, sounds aoreuy note, arguing that there is
strong non-random sorting within schools, and timtsome cases the estimated
teacher effects do not have persistent effectsttamenent. Recent research includes
notably Aaronson, Barrow and Sander (2007) (ABSan& Rockoff and Staiger

(2007) (KRS), Rivkin, Hanushek and Kain (2005) RidKd Rockoff (2004). Whilst

Clotfelter et al (2006, 2007) follow a different thedology, they also use state-wide
administrative data from North Carolina. The anialygesented here builds on these
foundations and provides new evidence from a dathaein some ways offers better

features than those currently available.

Rockoff (2004) estimates teacher effectivenessgudata from two school districts in

New Jersey over the years 1989/90 to 2000/01 aunyepiades 2 to 6. The data allow
individual teachers to be matched with their pupds each year of the study. A

drawback of using elementary (primary) school dathat typically students are only

taught by one teacher. This means that it is ngkipte to estimate the effects of
multiple teachers on the same student in diffeseijects at the same time. Rockoff
finds that a one standard deviation increase icheraquality results in a 0.11

standard deviation increase in reading and writesj results. Teacher experience is
found to a have a significant positive effect ortimsaand reading exam results, but no
other observable teacher characteristics are feuhdve significant effects.

RHK use a large dataset that spans grades 3 tw three cohorts of a total of half a

million students across 3000 schools in Texas. rTtkatia does not match individual

students to individual teachers, only to a seteatchers in a grade within a school.
This is likely to attenuate estimated teacher éfted@heir lower bound estimate

implies a one standard deviation increase in tgaghality is associated with 0.11

and 0.095 standard deviation increases annual growachievement in maths and

English respectively in grade 4. They find a sigmaifit negative effect of inexperience
in maths teachers, and a smaller negative effecEfmlish teachers. However the

qualifications of teachers were found to have gaificant effect.

The context studied by Aaronsah al (2007) is ninth-grade maths scores in one
school district in Chicago over a three year perigty advantages of their data are
the ability to link students with the actual teactimat taught them, and the availability
of prior attainment data, which they assume abssitlodent heterogeneity. They find
that an increase in teacher quality of one standEdation above the mean is

associated with 0.15 standard deviation increafieeiimaths test score.



Clotfelter et al (2006, 2007) take a different aygmh and directly regress student
outcomes on teacher characteristics including tradnedentials, following the
educational production function approach. They Hawgitudinal data across grades
3 to 5 from North Carolina data and use studergdfieffects to deal with potential
non-random matching of students and teachers. Tihdythat teacher certification

matters and has an important effect on test scores.

In comparison to RHK, we can match students toadeachers. In comparison to
ABS: our data matches students and their actuahéza like theirs, relates to high
school education like theirs, and also containsr@itainment data, and, like theirs, is
not nationally representative. There are threeomant differences. First, they make
it clear that their ninth-grade maths scores aténigh stakes tests, whereas the exams
that we study matter a great deal, both for studeat school. This makes it more
relevant for policy discussions. While in principlelso raises the worry of cheating,
the exams are nationally set and marked outsidedheol by national bodies, leaving
little scope for systematic manipulation. Second,alserve the same student taking
exams in three different subjects contemporaneoMgé/therefore do not need to rely
on over-time student “fixed effects” being actudilked over a period of time when
student abilities can change rapidly. Relative tarRour data the multiple subjects
are taught by different teachers, so allowing usdmpare the same student paired
with different teachers. As mentioned, we use sikgpecific prior attainment as
well, so we believe that this approach deals ghideoughly with variations in student
ability and non-random allocation. On the other dhawve do have to make
assumptions about the correlation of student &sliin different subjects. We detail
the approaches we take to this below. Third, AB®ycaut their own teacher-student
matching, and achieve a 75% match. For us, thelmvedis done in the school, and by

the school, typically by the school secretary anamilstrative computing team.

3. Data

The data contains the exam results for 7,305 papids740 teachers across 33 schools
in England® These are state secondary schools in England 5989 to 2002.
Schools were asked to provide the GCSE and Keys2a@}€¢S3) results in Maths,

% This bespoke dataset was collected by CMPO fapjegt evaluating the introduction of performance
pay (the “Performance Threshold”) for teacherssThbject is described in Atkinson et al (2009).
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Science and English. The GCSE exams (also knowfegstage 4) are taken at age
16 in a number of different subjects. They are kbg gateway exams into higher
education as well as being important in the laboarket. It is compulsory to take

GCSEs in English, Maths and Science. Keystage thexare taken at age 14 just
prior to the start of the GCSE programme and ae empulsorily taken in English,

maths and science. The Keystage 3 test scoresideé/wsed as a measure of prior
attainment when studying GCSE scores, and we fotlaw practice here. These are

all nationally set and marked exams.

We requested two tranches of this data. First, gestes of pupils who took their
GCSEs in 1999, along with the pupil’s date of hidlknder and postcode (zip code).
The schools were asked again in 2002/3 for the gafoamation on the tranche of
pupils who took their GCSEs in 2002. Schools wase asked to provide details of
students’ classes, including a teacher id, thehrée age, gender, length of tenure,
salary, and spine point (a point on a nationwidacher pay scale). Given the
demanding data requirements, only a small samps¢eludols responded and provided
full data. Whilst not very different to the overakt of schools, there are some
differences and there is no presumption that thepsais representative of all English

secondary schoofs.

The data linking pupils to teachers are class,liptevided by schools. Classes
typically differ by subject — that is, a pupil witlave different peers and different
teachers for each subject. Each pupil may have thareone teacher per subject over
the two years of the course. The mean number ohé&za per pupil is 4.13 over these
three subjects, and the modal number is 5. Esdgntéan observation is a pupil-
teacher match, or equivalently a pupil-subjectheacnatch as each teacher only
teaches one subject. But there is some varietyatige across schools in terms of
the number of teachers a pupil has, particularlysérence. Because of this, the
individual pupil-teacher observations are weiglgedhat each exam result has equal
weight regardless of the number of teachers thatribuited. That is, if a student has
teachers, each pupil-teacher observation is weigbte 1/n. Each of a student’s
teachers for a single subject is assumed to comgribqually. In summary, the data
used in the initial regression contain 25,770 uaiggam results, 30,149 pupil-teacher
matches and 52,613 unweighted observations. The ma@aber of observations per

pupil is 7.20, with 95% of pupils having at leasbBservations. In the subsequent

“ Atkinson et al (2004) compares the achieved samopdé state secondary schools.



tables we calculate the sum of the regression weifgit each teacher and use this

total to calculate the weighted variance.

The pupil and teacher data were matched at tedeher by and in the school. We
also match in school level variables from the NaidPupil Database (NPD). Finally,
data from the Database of Teacher Records were ratgched in to provide

information on teachers’ education.

Some brief descriptive statistics are given for kibg variables in Table 1. Note the
different metrics that GCSE points and KS3 exanes raeasured in. There are a
number of missing values, most importantly for soohehe teacher characteristics.
Teacher characteristics are generally well measwt@r than salary and education
history for which we have a large number of missmtpes. We deal with these by
retaining the observation in the analysis, repla¢he missing by an appropriate value
and including an indicator for each missing vamal#t pupil level, we omit pupils

with missing KS3 or GCSE score; there are no migsahool variables.

4. Method
a. Measuring the variation in teacher effectiveness

We start from a simple and standard assumption tatle factors involved in
generating a particular test score outcome for @aghl in each subject. This follows
Aaronson et al (2007), and is standard if rathengex in terms of the number of

levels of variation in the data. L&,,, denote the GCSE score of puigith cohortt in

subjectz, taught by teachey, in schools; let Kiis denote the corresponding prior
attainment (KS3) score of that pupil in that cohiarthat subject and schdoWe

assume that test scores are generated as follows:

Gus =AKis ¥ 0 +@ +Y + I + B+ & 1)

There are a number of issues and assumptions Ewdhere. We include dummy

variables to allow for differences in mean scorgsshbject,dZ, and over the two

® We could write K as G from the prior grade levetlaat is what it is, but adding a further subscrip
seems unnecessary.
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cohort/time periods/t. As the residual error termg,,. is likely to be correlated

across each pupils’ three exam results, we clugtardard deviations at individual

level.

The inclusion of prior attainment means that wefaoeissing here on the impact of
the teacher on pupil progress or value-added. Rtiainment captures some of the
school effect, the effect of previous teachersuispand also the pupil’s own ability

and prior effort.

We can identify pupil fixed effectsy , as we observe each pupil across three subjects
at the same point in time. This subsumes the inflaeon progress of unobserved
pupil ability and effort, and family background. &hssue here is whether it is
appropriate to assume that this has the same imapeass all three subjects; whether,
in other words, able pupils are good at everythengy] less able ones score low at
everything. We can use national data from the pegnisus (PLASC/NPD) data to get
a view of the appropriateness of these two appesadPairwise correlations between
GCSE points on these three subjects are as foll&mglish and Maths, 0.768,
English and Science 0.793, and Maths and Scie@80These high values suggest
that there is a high level of commonality in acleieent in GCSEs and that therefore
the way we use the pupil fixed effects may not beeasonable. Any common subject
level differences are swept up into the teachexceffand purged in the second stage

regression.

An alternative is to not include pupil fixed effscbut to include our two observed
pupil characteristics, gender and within-year dgmeans that we do not control for
unobserved pupil differences (for example, effamyd therefore implicitly assumes
that these are conditionally randomly distributedbas teachers, conditional on KS3,
gender and age. Denoting the vector of pupil olzd#es asX, this involves

estimating:

G =AKis taX, +@ +Y + AL+ B+ &4 (2)

The focus of our analysis is on the role of teadhed effects¢g, and school fixed
effects, ¢. The former captures in a very general way th&uémice of a specific
teacher on pupil progress, relative to other teache the sample. Note that this
formulation assumes that a given teacher is eqeé#fiéctive for all pupils, which may

6



or may not be the case. We provide some indirealeece on this potential
heterogeneity below. The latter captures factorsrnon across the school that might
influence progress. For example, the school ethesources and facilities,
disciplinary policy and selection policy may alflirence student outcomes.

We observe teachers linked to multiple pupils. Bosubset of teachers, we also
observe them in both cohorts, three years apanveMer, by construction in our

sample, all teachers remain in the same schooltbeewo periods. This means that it
is impossible to separately identify a pure teadféect and a school effect. This

problem is also faced in different ways by soméefother papers mentioned above.

What we observe is the sum of the two= (qa] +¢/s(j)). We pursue two strategies to
isolate the variation in true teacher effectivenéssst, we report the within-school
variation in the estimated values mfthat is, the variance ((fj _;s(j)). This nets out
all school level factors, and provides a lower lbto the degree of variation. For
example, if schools hired teachers randomly thenrteasure would reflect the true
overall variation in teacher effectiveness. Butag, seems more likely, good teachers

cluster together and less able teachers clustethteg then the within-school variance

will be lower than the true overall variation.

Second, we use a subsidiary regression to purgenaise school effects from the
measure. That is, we regres®nWs, a set of school level variables, take the redidua

as the estimate of teacher effectivenesss r; —~bW;,, and examine the variation in

that.

These two approaches give us two estimates ofdhability in teacher effectiveness.
Comparing them, the within-school measure will wdr than the residual variance,
both because we do not observe all relevant sclactdrs (so some are left in the

error term), and because there is likely to be betwschool variation as well.

b. Explaining the variation in teacher effectiveness

One of the interesting results emerging in thiréiture is that teacher effectiveness is
not closely related to observable teacher chaiatitsy such as teaching

qualifications. Our data include information on ageperience and gender, whether



the teacher has a degree, and what class and stiigiedegree was taken in. We will

test whether these variables have any explanatomgpof teacher effectiveness.

5. Results

a. Estimating Teacher Effects

We present the results of the initial estimationTeible 2; these are the empirical
counterparts of equations (1) and (2). Column rithuides pupil fixed effects and the
subject-specific prior attainment, whereas colun) (as observable pupil
characteristics (gender and within-year age) rathan the fixed effect. The results
are as expected — subject-specific prior attainmeatters very significantly, the role
of prior attainment is reduced with the inclusionpopil fixed effects, and female
pupils and older pupils score more highly.

In terms of variability, the standard deviationGESE scores is 1.722 GCSE points
and the standard deviation of the residuals is@@nts in the pupil fixed effects
estimation and 0.934 points with the observableatdiaristics. We also present the
inter-quartile range (IQR) as a measure of vaiigbiThe IQR is 2 GCSE points for
the dependent variable and 0.570 points and 1.14iBtsp for the residuals

respectively.

b. Variability in Teacher Effects, 1

Table 3 focusses on the estimated teacher effemts these regressions. Note that

these are in fact estimates gf= (qoj +l//s(j)); that is, they also include school factors

which we deal with shortly and we postpone the istainterpretation of our
estimates of teacher effectiveness variability luatier that. This brief discussion
deals with the results from specification (1), thepil fixed effects regression, but

most of the comments apply equally to both pupielanodels.

In column (1) of the Table, the standard deviatibrieacher effects is 0.534 GCSE
points, and the IQR is 0.710 points. We argued abthat a lower bound on
variability is the variation within schools of tdwr effectiveness. Table 3 shows that

® In all the results presented, the metric is GCBIBtp: an increase from one grade to the nextas&yo an A, is one point.



this is 0.354 GCSE points, in column (1), 0.54Taumn (2). This estimate is one of
our key findings. We can also express this reldivthe variation in pupil effects. In
fact, within-school teacher effectiveness is abautthird as variable as pupil
effectiveness, 0.354 relative to 1.088.

We also present an adjusted standard deviatioiKahe and Staiger (2002), Rockoff
(2004) and Aaronsomt al (2007) all argue, the variance of the estimateather

effects includes sampling variation as well as ftiee variation in teacher
effectiveness. This can be particularly the cagetdacher effects estimated from
small numbers of pupils. In our case, most teachessestimated from reasonably
large numbers: 572 teachers with at least 40 ob8ens, and only 30 teachers with

fewer than 20.

Nevertheless, we follow the approach used by Aanoesal (2007, p. 111) to deal
with the issue. We assume that the estimated teadfext is the sum of the true
underlying effectiveness and a sampling error, tmetated with the true value. The
variance of the true effectiveness is then simply éstimated variance minus the
average sampling variance. Again following ABS, uge the mean of the square of
the standard error estimates of the teacher fikedts as the estimate of the average
sampling error variance and subtract this from dbserved variance to yield the

adjusted variance, and then present the adjustedatd deviation.

We see from Table 3, column (1) that the adjustatawce is 0.395, a reduction of
26% from the unadjusted value. In column (2), teisted variance is 0.730, a fall of
12%. The teacher effects are more precisely estuingt column (2) as we are not
estimating the 7305 pupil fixed effects, so coilregtfor sampling error has less

effect.

There is no obvious way of separately adjusting whthin-school variance. It is
useful to have an estimate of the adjusted witbhwsl variance to compare below.
To generate a rough estimate, we simply split tdgustment factor of 0.139
proportionately between the within and betweenarares, and subtract these. This
gives a value of 0.288 in column (1) (0.354 — 0*{3954/(0.354+0.388)) and 0.496

in column (2).



c. Removing School Factors

Our second strategy to isolate teacher effectivgefresn 7 is to remove the effects of
observable school factors through regression. Eigeession results in Table 4 are
largely as one would expect, and we do not dwellh@m here. In order to deal with
the sampling variability problem, we adjust thereated teacher effects prior to this
regression. We multiplied each estimated teacHecteby the ratio of the estimated
overall variance and the adjusted variance as ibescim section 5b above. We then
used that as the dependent variable in the regresand analyse the residual standard
deviation below. It is important to note that thdividual effect of, say, being a pupil
eligible for free school meals is already captubgdthe pupil fixed effect, and the
coefficient on the school percentage of FSM puplgherefore picking up more
general factors correlated with the school’s langtintake and teacher mix. Second,
the standard errors reported here for the estimatezfficients have not been
corrected for the fact that the dependent varigblestimated. Thus, inference using

these will not be secure, but this is not our npairpose here.

d. Variability in Teacher Effects, 2

We now present our main results in Table 5. These carrected for sampling
variability and purged of observable school factditse standard deviation of teacher
effectiveness is 0.326 GCSE points in column (5§18 in column (2). These can be
compared to the adjusted within-school variatiaimested in section b above at 0.288
(column 1), and 0.496 (column 2). We would expget within-school calculation to
be lower for two reasons: it eliminates all schéedtors, whereas the regression
approach deals with the measured factors in owr; @daid there is very likely to be
between-school variation reflecting clustering ehdhers in schools by ability.
Nevertheless, it is reassuring that the differeaysvof dealing with pupil ability and
the different methods of removing school factoadléo estimates that are roughly

similar.

We can interpret the size of these in a numbeiftdrdnt ways. First, take the IQR as
a measure of the gain per pupil per subject fromngaa ‘good’ teacher (defined as

being at the 75 percentile) relative to a ‘poor’ teacher (defiresibeing at the 35
10



percentile). This is 0.425 GCSE points in columand 0.649 in column 2. These are
not trivial numbers: a pupil taking 8 GCSEs andjtaby 8 ‘good’ teachers will score
3.4 more GCSE points than the same pupil in theessohool taught by 8 ‘poor’
teachers. The IQR is 24.7% of the standard deviaifdGCSE scores. Obviously, the
gain per pupil per subject is greater still lookiaigthe extreme range: comparing a
teacher at the §5percentile with one at thé"ercentile, this is 1.070 or 1.766.

Second, we can view the variation in teacher dffeness relative to the variation in
pupil ‘effectiveness’, the latter measured as tbpilpfixed effect. The Table shows
that this is 0.254 comparing the standard deviatimd 0.262 comparing the IQRs.
Teacher effectiveness is one quarter as variablpups effectiveness. This seems
reasonable and is in line with other findings ttheg single most important influence
on the test outcome is the pupil's own characiesstHowever, a teacher’s
effectiveness influences the GCSE outcomes of mpapels — around 30 per class.

Hence there is greater leverage for the teach#gsteness to matter.

Third, we can compare the within-school and betwsshool variability in
effectiveness. As we would expect, the within-sd¢h@oiation having purged school-
level effects is essentially the same as in theteagher effects, 0.249. We can also
express this as a proportion of the within-schoatiation in pupil effectiveness,
1.088. So again, variability in teacher effectivenés a quarter of the variability in
pupil effectiveness. Equally as we would expectilevthe between-school variation
is considerably reduced from 0.315 in tablet®0.213 in Table 5, the purging of a
wide range of observable school factors has nouced the between-school
variability to zero. It is not possible to identifiy this data whether this is because
there are important remaining differences betweshoals, or that average teacher
effectiveness differs between the schools in ompde. Both are likely to be true, but

we cannot say in what proportion.

We have also explored a number of dimensions aérbgeneity. Tables are not
reported here but are available from the autharst,ve split the pupils into thirds of
initial ability, and re-run the analysis separatfdy these groups, including both the
first stage regression on pupils and the analysigacher effectiveness variability.
The results show that teachers are marginally nmopertant for the top third and the
lowest third of the ability distribution, thoughetdifferences are not large. The key

" The value in the table of 0.388 has been adjustesampling variation as described in section 5b.

11



numbers for Table 5, column 1 are standard deviatai 0.423 for the highest ability
third, 0.327 for the middle and 0.475 for the lowisrd. Note that Aaronsost al

also find variations in teacher quality to be miongortant for low ability students.

e. Explaining Teacher Effectiveness

We now finally explore whether any of the few olsdrie teacher characteristics that
we have are correlated with estimated teaching®fEness: gender, age, experience,
and education. We include these variables alongbelschool factors in a regression
on the estimated teacher effects from table 2.r€kelts are in Table 6. In fact, none
of these variables play any statistically significarole in explaining teacher

effectiveness, other than very low levels of exgrere showing a negative effect.

Finally, for the sub-sample of teachers that weisd®th cohorts, we can test directly
for the influence of class composition on outcoraad on our estimates of teacher
effectiveness. Our use of prior attainment in tbpillevel regression means that we
are estimating teacher impact on pupil progress thais removes the first-order effect
of class ‘quality’ on the outcome. Also, by conliray for pupil fixed effects, we are
taking out pupil heterogeneity completely. Nevelghs, it could be that there are
class-level effects on progress. In tables avaldétdm the authors, we include class
mean prior attainment in the analysis of Table 4 &able 5. In the regressions in
Table 4, mean prior attainment is significant buta. Consequently, the impact on
measured teacher effectiveness is also minor, angutige estimated variability in the
specification of column 1, Table 5 from 0.326 t81%.

6. Conclusion

Do schools matter? Do teachers matter? Or are g#doaautcomes largely driven by
family and home? We have focussed on the seconstigaenere, on the impact on
test scores of being taught by high or low quéligachers. We have shown that
teachers matter a great deal: having a one-starmgadtion better teacher raises the

test score by (at least) 25% of a standard dewiaki@ving a good teacher as opposed

® Throughout, we use teacher “quality” to mean thpact on test scores, and we are clear that it says
nothing about a wider contribution to the school.
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to a mediocre or poor teacher makes a big differeRaising average teacher quality
does seem a promising direction for public poli®y.course, it does not necessarily
follow that schools matter. If teacher quality @domly distributed across schdols
then school assignment is unimportant, and teaelssignment within school is
crucial. But this seems most unlikely: it seems muowre likely that teachers will
tend to cluster by quality to some degree. Thishinayise through schools’ hiring
policies or through teacher job acceptance deasidfe cannot answer this question
definitively in this dataset as we cannot distisfpjumean teacher effects within a

school from unmeasured school factfrs

Nevertheless, showing the importance of teachelitguar the high-stakes GCSE
outcomes means that family background is not ekigrgt The same student, bringing
to bear the skills derived from her home and famdgn systematically score
significantly different marks in different subjectgven different teacher quality.
Rivkin et al (2005) relate the teacher quality measure to dw#osconomic gap in
outcomes, and that comparison is informative here The gap in GCSE points
between a poor and non-poor student is 6.08 GC3tispd&uppose this gap arises
over 8 subjects that they both take. If the poodsnht had good (¥5percentile
teachers) for all 8 subjects and the non-poor studmd poor (28 percentile
teachers) for all 8, this would make up 3.4 poifisis is a powerful effect, and not
one typically addressed in explanations of theammnomic education gap. School
and teacher assignment could in principle haver@ngtrole to play in alleviating

unequal outcomes.

By the same token, the assignment of pupils tohacof varying quality may be an
important part in generating the socio-economiaimmhent gaps in the first place. We
can test this idea, correlating within-school difeces in teacher quality with within-
school differences in class mean prior attainmeset ¢o not have pupil level poverty
status). Taking out school means of both teachalitgiand class mean initial score,
we find a correlation of +0.23 between the averagjbty of the class that a teacher is
assigned and that teacher’s quafityThis will map quite closely on to a correlation
between teacher quality and the pupil’s socio-enuoostatus. Schools face quite

complex incentives for teacher allocation, with K&y public quality measure being

° And if schools add little on top of teacher qualit

9 The fact that we show the between-school vari@tager than the within-school is driven by both
unmeasured school-level factors and differencélséraverage quality of teachers across schools.

! Using the pupil fixed-effects specification; itds49 in the alternative specification.
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the fraction of pupils getting at least 5 C gradésvould therefore be valuable to
allocate the best teachers to those pupils closieet&€/D borderline. The implication
of this for the allocation of teacher quality ar tevolution of the socio-economic

test score gap is an issue for future research.

We have shown that the observed characteristitsachers in our data do not predict
our measure of their quality well. Whilst we haetatively few characteristics, some
other authors with much richer datasets in thaanmgegonfirm this finding (see in
particular Kane, Rockoff and Staiger, 2007). Bytcast, Clotfelter et al (2006, 2007)
find that teacher qualifications do have a sigaificeffect. In the 2007 paper, they
argue that teacher credentials exhibit a largecetfempared to the effect of changing
class size or of parental education, particulanlymaths. This debate has important
implications for improving average teacher quatitat previous authors have also
drawn out. The findings show that it may be harddentify good teacherex ante,
but that administrative data can be used to identiem ex post. This suggests a
greater role for performance management and peesquilicies in schools. This
might include a stronger role for pupil progresalgsis in probationary periods,
mentoring, more stringent hiring procedures or ghaperformance pay using such
data. However, the cautions of Kane and StaigeDZP®n the folly of basing
important decisions on the small samples of su¢éa itaa single school need always

to be borne in mind.

Clearly, further research with richer data may weltover some important elements
of a teacher’s training or personality that do hilpredict quality better. The data
required to carry out the present study were vetgresive, complex and difficult to

obtain. Nevertheless, repeating or extending tlegatse would appear to be of great

value.
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Table 1: Descriptive statistics

N Mean SD.
Pupil
GCSE English 7185 4.68 1.58
Maths 7213 4.34 1.90
Science 7159 4.50 1.73
KS3 English 7169 33.42 6.64
Maths 7168 35.10 7.83
Science 7147 33.81 6.78
Female 7305 48.68%49.99%
Teacher
Female 666 55.71% 0.50
Age 613 42.72 10.26
Experience 440 8.28 7.97
Maths teacher 740  29.86% 0.46
English teacher 740  29.32% 0.46
Salary 634 26366 6572
Education
First class 371 4.58% 0.21
Second class 371 64.69% 0.48
Science 369 27.10% 0.45
Social science 369 3.79% 0.19
Language 369 11.65% 0.32
School
% SEN 33 14.00 14.63
% FSM 33 2.51 4.73
% Ethnic minority 33 6.17 10.54
Number of pupils 33 893.36 398.17
N Mean Count
Catholic 33 15.15% 5
Church of England 33 6.06% 2
Selective 33 6.06% 2
Girls school 33 9.09% 3
Boys school 33 9.09% 3
Urban 33 57.58% 19
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Table 2 — Pupil-level regression

Dep. Var: GCSE Points score Pupil Fixed Pupil
effects Characteristics
1) (2)

Prior attainment (subject 0.07 0.16
specific) (34.8) (83.9)
Female 0.17

(5.9)
Month of birth dummies? No Yes
Pupil effects? Yes No
Subject effects? Yes Yes
Teacher effects? Yes Yes
School effects? No Yes
Year effects? No Yes
Observations 52,613 52,613
R 0.918 0.706
Number of pupils 7,305 7,305
Number of teachers 740 740
Std. dev. GCSE points 1.722 1.722
IQR GCSE points 2.000 2.000
Std. dev. Residuals 0.493 0.934
IQR residuals 0.570 1.113
Chi2 Hy: all Teacher effects=0 9.916 7.789
Notes:

1) Robust t-statistics clustered at individual pueild! in parentheses.

2) p<0.05,**p<0.01, ** p < 0.001

3) Each observation is weighted by, where Nis the number of observations for grade in
subject k, and gis the number of exam results for that subjecfo(Maths and English, 1-3

for science.)
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Table 3: Variability in teacher effectiveness, 1

Units: GCSE points (2) (2)

Pupil fixed Pupil
effects characteristics

Teacher plus school effects:

Standard deviation 0.534 0.825

Adjusted standard deviation 0.395 0.730

Interquartile range (P75 — P25) 0.710 1.248

Extreme range (P95 — P5) 1.707 2.792

Relative variation:

Std dev of teacher effects relative to std dev of

residuals from Table 2 regression 1.083 0.883

IQR of teacher effects relative to IQR of

residuals from Table 2 regression 1.247 1.121

Std dev of teacher effects relative to std dev of

pupil effects from Table 2 regression 0.416

IQR of teacher effects relative to IQR of pupil

effects from Table 2 regression 0.438

Within- and between-school variation

Within school std dev 0.354 0.541

Between school std dev 0.388 0.610

Pupil within school std dev 1.088

Pupil between school std dev 0.698

Notes:

1) Unadjusted for sampling variation, other than thecified row.
2) Weighted by the teacher specific sum of weightmftable 2.
3) Based on the estimated teacher effects from Table 2
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Table 4: Removing school factors

Dep. Var.: Adjusted teacher Pupil Pupil
effects from Table 2 fixed effects  Characteristics
1) (2)
Catholic school -0.264 0.271°
(0.040) (0.062)
Church of England school -0.082 -0.352
(0.045) (0.127)
Selective school -0.266 -0.280
(0.082) (0.116)
Girls school -0.128 0.058
(0.109) (0.156)
Urban school 0.122 0.494"
(0.041) (0.068)
% Pupils with special -0.006 0.014"
educational needs (0.003) (0.004)
% Pupils eligible for free -0.014 0.023
school meals (0.005) (0.010)
% Chinese pupils -0.120 -0.084
(0.065) (0.101)
% Bangladeshi pupils -0.158 -0.143
(0.112) (0.182)
% Pakistani pupils 0.010 -0.159
(0.054) (0.061)
% Indian pupils 0.002 0.039
(0.009) (0.016)
% Black African pupils 0.049 -0.305
(0.038) (0.052)
% Black Caribbean pupils -0.054 -0.023
(0.013) (0.019)
% Other Black pupils 0.104 0.184"
(0.047) (0.064)
% Other ethnicity pupils 0.049 0.021
(0.034) (0.054)
First tranche 0.085 0.084
(0.065) (0.112)
Subject = English 0.233 -0.600"
(0.032) (0.050)
Subject = Maths 0.006 0.131
(0.033) (0.053)
Size of school/10 0.000 -0.003
(0.000) (0.000)
Observations 740 740
R-Squared 0.318 0.504
Notes:

1) Robust standard errors in parentheses

2) "p<0.05" p<0.01,” p<0.001
3) Regression weighted by the sum of the weights fteeregression in table 2.
4) Ex ante adjustment, [teacher effect * (adjustedavere/unadjusted variance)]



Table 5: Variability in teacher effectiveness, 2

Units: GCSE points Pupil fixed Pupil
effects characteristics

Teacher effects: (1) (2)

Standard deviation 0.326 0.514

Interquartile range (P75 — P25) 0.425 0.649

Extreme range (P95 — P5) 1.070 1.766

Relative variation:

Std dev of teacher effects relative to std dev of

residuals from Table 2 regression 0.662 0.550

IQR of teacher effects relative to IQR of

residuals from Table 2 regression 0.746 0.583

Std dev of teacher effects relative to std dev of

pupil effects from Table 2 regression 0.254

IQR of teacher effects relative to IQR of pupil

effects from Table 2 regression 0.262

Within- and between-school variation

Within school std dev 0.249 0.379

Between school std dev 0.213 0.351

Notes:

1) Ex ante variance adjustment, [teacher effect *ustéjd variance/unadjusted variance)]

2) Weighted by the sum of the weights from the redgoess table 2.

3) Conditional on school characteristics, ie. basetherresiduals from Table 4, columns 1, 2.
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Table 6: Explaining teacher fixed effects

Dependent Variable: adjusted teacher fixed efffeota Table 2

Pupil fixed Pupil
effects characteristics
@) 2
Teacher female 0.019 0.031
(0.031) (0.051)
Age 0.001 -0.006
(0.007) (0.011)
Age squared -0.000 -0.000
(0.000) (0.000)
One years experience -0.190 -0.014
(0.050) (0.090)
2-4 years experience -0.038 -0.013
(0.045) (0.081)
5-10 years experience 0.023 0.019
(0.060) (0.079)
10-15 years experience 0.014 0.075
(0.070) (0.102)
Experience squared -0.000 -0.000
(0.000) (0.001)
Experience cubed 0.000 0.000
(0.000) (0.000)
Subject = Maths 0.091 0.053
(0.083) (0.132)
Subject = English 0.073 0.150
(0.091) (0.137)
Degree class:
First class 0.185 0.250
(0.089) (0.149)
Second class 0.030 0.054
(0.037) (0.062)
Science Degree 0.026 0.053
(0.050) (0.078)
Social Sci Degree 0.001 -0.025
(0.103) (0.131)
Language Degree 0.073 -0.188
(0.059) (0.102)
Salary band 0.000 0.000
(0.000) (0.000)
School factors Yes Yes
Observations 740 740
R-Squared 0.368 0.539

Notes:

1) Robust standard errors in parentheses

2) "p<0.05" p<0.01," p<0.001

3) School factors also included as in Table 4

4) Regression weighted by the sum of the weights fifuaregression in table 2.

5) Ex ante variance adjustment, [teacher effect *Usteid variance/unadjusted variance)]



Appendix Table 1: Data Requested

I nformation

Leve

Class lists for year 10 in 1997/8 and year 11 iA819,
with pupil identifiers and teacher identifiers

pupil

Class lists for year 10 in 2000/1 and year 11 iQ12D,
with pupil identifiers and teacher identifiers

pupil

Pupil test/exam scores for Key Stage 3 in 1996/d@
GCSE 1998/9, for all English, maths and sciencgests
with pupil identifiers

goupil

Pupil test/exam scores for Key Stage 3 in 1999/00
GCSE 2001/02, for all English, maths and scie
subjects, with pupil identifiers

Pupil
nce

Supplementary information for each pupil: date wthh
gender, postcode. With pupil identifier

pupil

Teachers characteristics at 1 September 1999gegder,
salary, experience, spine point, whether applied

teacher
f

Performance Threshold. With teacher identifier
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