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Abstract

In England, so-called ‘league tables’ based upamrexation results and test scores are published
annually, ostensibly to inform parental choice ef@ndary schools. A crucial limitation of theseléab

is that the most recent published information isdolon the current performance of a cohort of pupil
who entered secondary schools several years easli@reas for choosing a school it is the future
performance of the current cohort that is of inter&/e show that there is substantial uncertainty i
predicting such future performance and that incatieg this uncertainty leads to a situation where
only a handful of schools’ future performances barseparated from both the overall mean and from
one another with an acceptable degree of precidibis. suggests that school league tables, including
value-added ones, have very little to offer as gsiith school choice.
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1. I ntroduction

In many areas of the public sector, in the UK alsg@where, performance indicators, in the
form of rankings or ‘league tables’ are routinelybpshed with the intention of helping to
inform individuals’ choice of institutions. For exple, in health, waiting times and ‘annual
health check’ scores are published to inform chaaeNHS hospitals. In education,
examination results are published to guide paresttalce of schools for children about to
enter each phase of schooling: primary schooligggal-11), secondary schooling (ages 11-
16) and a further two optional years of educatiageé 16-18). A comprehensive review of
the technical issues in these and other areasedoubd in a report produced by the Royal
Statistical Society (Bird et al., 2005). Common tttese contexts is that the current
performance of institutions is implicitly promotexs a guide to their future performance.
However, no adjustment is made for the uncertathgt arises from predicting into the
future. The present paper discusses this issukeircdntext of secondary school choice in
England.

Secondary school league tables are published dpnnaEngland by the Department for
Children, Schools and Families (DCSF) (formerly Department for Education and Skills,
DIES) (ttp://www.dcsf.gov.uk/performancetablesThese tables are based on pupils’
General Certificate of Secondary Education (GCS&)enation results taken at the end of
compulsory schooling at age 16. These are impodgains since successful GCSE results
are often a requirement for progressing to studesGeneral Certificate of Education
Advanced level (A-levels, ages 16-18) qualificaipthemselves a common requirement for
entry to university. For children who choose tovie@ducation at age 16, their GCSE exam
results are their only educational qualificatiofitie secondary school league tables allow
inferences to be made about the performance obésiar the cohort of pupils who have just
completed their secondary schooling (age 16). Qribeoprincipal aims of publishing these
tables is to inform parental school choice for gipvho are just about to start secondary
schooling (age 11). This was spelt out clearly iy Government led by John Major in the
‘Parent’s Charter’ (DES, 1991) and has been endolse subsequent governments. The
statistical uncertainty surrounding the estimatethool effects’ is typically expressed using
95% confidence intervals. However, there is addalaincertainty arising from the fact that
these ‘league tables’ are always out of date siheg refer to the performance of a cohort
who began secondary schooling several years eé@@mdstein and Leckie, 2008; Goldstein
and Spiegelhalter, 1996; Wilson and Piebalga, 2008¢r this period, currently seven years,
the performance of many schools changes consigerabiting the extent to which current
school performance can be used as a guide to fpaufermance. Crucially, the league tables
make no statistical adjustment for, nor do theynaaoout, the uncertainty that arises from
predicting into the future.

In the education literature, value-added multilaneldels are the preferred way of estimating
school performance (for early examples see: Aitkml Longford, 1986; Goldstein et al.,
1993; Raudenbush and Bryk, 1986). These modelstafdjupupils’ intake achievement and
other pupil characteristics known to affect edwoadl achievement. These adjustments lead
to a more relevant measure of a school's effectamtribution to the performance of its
pupils than using simple school average GCSE scéresn 2006, the DCSF have used this
methodology to estimate and publish a performandiator for secondary schools that they
term the ‘contextual value-added’ score (Ray, 2006)

The more school performance varies over time, tbheermisleading it will be to use current
performance as a guide for parental choice. Thealitire on the stability of school effects has
shown that, whilst measures of unadjusted achiemtraee highly correlated between
cohorts, measures of value-added performance aftesso. These studies mostly consider
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correlations for school effects over three, foud &éime years. At GCSE, Wilson and Piebalga
(2008) report a correlation of 0.62 for value-addedool effects two years apart whilst Gray
et al., (1996) and Thomas (2001) report correlation0.56 and 0.55 respectively for four
years apart. Similar magnitudes have been repaitédlevel: Gray et al. (2001) and Yang
and Woodhouse (2001) both report correlations ofigd 0.55 for school effects four years
apart. The only study that has been able to loatoaklations for longer than five years is
Thomas et al. (2007) who, with 10 years of datan@re the stability of value-added school
effects for schools within a single local educatauthority (LEA). They find a correlation of
around 0.65 for school effects between cohorts ywars apart and 0.62 for school effects
between cohorts ten years apart. These correlai@bBigher than those reported in the other
studies. One reason for this is that, unlike theeostudies, these correlations are based on
school effects that do not adjust for school les@positional variables, a point that we
return to below.

In this paper, we use six cohorts of English datashow that there is indeed substantial
uncertainty in predicting the future performance schools. We present results using a
multilevel model of school effectiveness that atju®r prediction uncertainty. Section 2
provides background on school accountability anoiaghin England. Section 3 outlines the
multilevel methodology. Section 4 describes theadatd variables used in the analysis.
Section 5 presents the main results; Section @pte®ur conclusions.

2. School league tables, accountability and choice

Since 1992, school rankings based on GCSE resalts heen published in school league
tables. Initially, ‘raw’ performance measures sashthe percentage of pupils gaining five or
more GCSE passes at grade A*-C formed the basisaftkings. However, in 1995 the
Government accepted the research evidence anddafgrearove to a ‘value-added’ system
whereby the prior achievements of pupils on engesacondary school would be used to
make adjustments for different intake achievemeswilting from explicit and implicit
selection procedures. These simple value-addedngskvere used between 2002 and 2005.
Since 2006, so called ‘contextual value-added’esysthave been used which, in addition to
adjusting for a pupil’s own prior achievement, algtempt to adjust for factors such as the
average prior achievement of a pupil's peers. Sig686, the Government has also
recognised that each school effect estimate shoave an uncertainty (confidence) interval
attached so that a statistically well informed jeniggnt can be made about any differences
between schools or differences between any oneokahd the population average. Thus, for
example the DCSF web sitentip://www.dcsf.gov.uk/performancetabjesow provides
intervals for contextual value-added estimates$ioaigh these are generally not prominent in
media presentations or discussions. Similar peoca indicators have been introduced to
assess school performance over other stages addingation system: A-level, key stage 3
(KS3, ages 11-14 during secondary schooling) and dtage 2 (KS2, ages 7-11 during
primary schooling).

The introduction of school league tables was oaliynjustified on two distinct grounds,
namely ‘accountability’ and ‘school choice’. Conggrwith the accountability of schools
arose amid public debates about ‘standards’ angcalum (see Goldstein, 2001 for further
discussion of this). Holding schools publicly acotable for the performance of their pupils
in GCSE examinations and later for their A-levetl &y stage test scores, was argued to be
fair and would incentivise schools to improve thstandards’. The rankings produced by
this system are used by the national school ingpeslystem of the Office for Standards in
Education (Ofstedattp://www.ofsted.gov.uf/and by Local Authorities with responsibilities
for schools, to inform their judgements and als@ame places as part of an accountability
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screening system to identify those ‘outlying’ instions that may require special attention
(Yang et al., 1999).

For purposes of accountability, the most recentnases of school effects are clearly the
most appropriate ones to use, together possibly @gtimates of trends over time. However,
the situation with the second use of school raririgr school choice, is rather different
since the most relevant estimates would be fortaducohort. For example, for a cohort of
11 year olds entering schools in 2009, the relet#&nyear old exam results will be for the
year 2014. However, when parents choose secondappls (a year before their children
enter secondary schooling), the most recently abkEl16 year old exam results are currently
those published for the 2007 cohort. In other wpiffds the purpose of choice, what is
required arepredicted school effects some seven years beyond thoseathpicurrently
available. It is these predictions that are exglonethe present paper.

Before we describe the data and our analysis wd teeonsider carefully the basis for a
useful prediction. Raudenbush and Willms (1995)] &Millms and Raudenbush (1989)
distinguish so called ‘type A’ school effects frotype B’ effects. The former are essentially
those where adjustment has been made for a pypibs achievement and possibly other
pupil characteristics. The latter effects additignadjust for school ‘compositional’ factors
such as the average prior achievement score cavdage social composition of the pupil
body. These variables measure the impact of pupdst groups on their achievement. Thus,
type A effects are intended to inform parental stlohoice while type B effects are intended
to assess thospractices of the school that can be identified as respoasibr school
differences, that remain after controlling for schoompositional variables. The distinction
between type A and type B effects, however, isalotays clear. Thus, schools may have
some control over the social and intake compositibtheir pupils, linked for example to
reputation, and it is not clear whether this shdaddadjusted for and whether it can really be
separated from school practice.

From the point of view of school choice it seemsaclthat we should not adjust for any
school level factors. The relevant question fomeept is whether, given the characteristics of
their child, any particular school can be expedtedroduce better subsequent achievements
than any other chosen school or schools. If a dcheeel factor is associated with
achievement this is strictly part of the effectigeimeasured and not therefore something to
be adjusted for. It is therefore Raudenbush andnWi$ ‘type A’ effect that are essentially
the ones we are considering. We note that the D@#fextual value-added estimates do
include school compositional effects and are tlogeshot appropriate for choice purposes. It
is thus somewhat ironic that they have been proghloyegovernment as improving choice. In
the following exposition we shall not use any sdhommpositional variables, although we
will provide some comparisons with analyses thatisie them.



3. M ethodology

3.1 Estimating school effects for the current cohort

First we introduce the traditional school effectiges multilevel model which provides
value-added estimates of school performance focuhent cohort. For simplicity, consider a
two-level random intercepts model for pupils’ GCStbres where we treat pupils as nested
within schools (for full details, see Goldstein03). This model can be written as

Y, =B, +Bx% +y+e, i=l..,n, j=1,.,]
u~N(0g2), g ~N0g2) (1)

where y; is the GCSE score for théh pupil within thejth school andx; is their prior
achievementu; and e, are respectively the school level and pupil leaeidom effects which
are assumed normally distributed, independent & another and independent of any
predictor variables included in the modef, denotes the between-school variance, waie
denotes the within-school-between-pupil variancest&ior or predicted estimates of the
school effectsu; and their associated ‘comparative’ variances, isl;lalar(l]j —uj) which

allow confidence intervals for the true values &derived, are given by substituting sample
estimates of the relevant parameters in

. no: R o’o?
O, =—12—y, var(l-y)=—== (2)

2 2 2 2
(njau +Je) no, +0,

where V; ::I/nj Zlnz'l( Y -5 —,81>”<) is the mean of the ‘raw’, fixed part, residuals thee jth
school. The factor pre-multiplyingy;is termed a ‘shrinkage factor’ since it moves the

absolute value of the ‘raw’ mean residual towarezthat is the average over all schools
given prior achievement. As the number of pupilsaischool,n;, increases the shrinkage

factor tends to one and the variances tend to Haoce, school effects for large schools are
shrunk less and estimated more precisely than tfmrsemaller schools. The shrinkage
estimates are therefore 'conservative’, in theestreg where there is little information in any
one school (i.e., few pupils) the estimate is cltse¢he average over all schools. It is the
assumption in model (1) that the school residualeriyg to a normal distribution, which
results in the shrinkage where schools with fewilpwpill have estimates near to the mean of
this distribution. In the extreme case where weehay information on the pupils in a school,
our best estimate is just this overall mean. Eachniien estimate also has a sampling error
enabling us to place a confidence interval aboub imeasure the uncertainty. Assuming

normality, —standard 95% confidence intervals fod, are calculated as

U; il.9a/var(ﬁj -y ) These shrunken school effects are published inDBSF school

league tables with their 95% confidence intervals
(http://www.dcsf.gov.uk/performancetables).

Typically it is supposed that parents are integegtemaking comparisons among a small set
of schools. For any two schools, standard 95% denfie intervals are not appropriate for
carrying out a significance test: they are too wide this purpose. Goldstein and Healy
(1995) propose an adjustment to these confidentervads that makes two schools
significantly different at the 5% level when theitervals just fail to overlap. For making a



single pairwise comparison, they show that the hftthese ‘overlap intervals’ should, on
average, be approximately 1.4 times the standaadt ef the school effect in order to keep
the overall significance level at approximately 5%ote that this procedure is only
appropriate for parents who make just one pairwm®parison; for comparing more than
two schools a multiple comparisons procedure isiired (see, for example, Afshartous and
Wolf, 2007).

3.2  Predicting school effects for future cohorts

To make inferences about future cohorts of pupitsddional on the currently observed
cohort, we need to adjust both the estimates aadstidindard errors of the current school
effects from model (1) to reflect the uncertairftgttarises from predicting into the future.

Consider a bivariate response version of modelfdl)two, not necessarily consecutive,
cohorts of pupils (years of data)

yigl)= (1)_,_'3(1)%1)_,_[1(1)_,_#1)
Y VA

@ 2
ut
(JZ) - N(O’QU) J Qu :{JM 2 }
Uj Uu12 Juz
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where superscripts ‘(1)’ and ‘(2)’ denote cohodrid cohort 2. Hencgigl) is the GCSE score

®3)

for theith pupil in thejth school in cohort 1 whilsyiﬁz) is the GCSE score for thi pupil in

thejth school in cohort 2. The level 2 school residuralgeneral will be correlated. The level
1 residuals for the two responses are modelledidependent as a pupil can only belong to
one cohort. Hence, this is a bivariate model whieeebivariate structure is at level 2 rather
than in the traditional multivariate multilevel maldvhere it is at both levels.

We wish to estimate a set of school effects forocoB when we only have data for cohort 1.
To simplify matters we assume that the betweendchariance is constant across the two

cohortsa?, = a2, =0’ (this assumption is readily tested, for examplagia likelihood ratio

test). This leads to a correlation pf,, = 0,,,/0? that is a measure of the stability of school

effects between the two cohorts. It can then beveh(see Appendix) that the posterior
estimates and the associated comparative varidaceasset of cohort 2 school effects based
only on cohort 1 data are given by

(1) 52 ) 252
1(2) — lou12nj g, 1) 2) _ {2 (1 10u12)+a Oa
! (ngl)af+0321) y( | Var(q( H‘ ) n J +a )

where ygl) Is the mean of the raw residuals for ftieschool in cohort 1. Comparing equation

(4) with equation (2), we see that the posteritimedes for these ‘future’ school effects are
smaller than the usual estimates, whilst theiraranés are larger. The shrinkage factor in

-1
pulzngl)af(n(jl)af+ajl) ¥ has an additional factop,,, which further shrinks the future



school effects towards zero but does not alter tfa@k ordering. Asp,,, - 1, the posterior
estimates and associated variances for the futcineos effects will tend to the usual
estimates for cohort 1. However, BY — o the future school effects tend ., whilst

the variances tend to?(1- p3), rather thanygl) and zero respectively as is the case for the

usual estimates for cohort 1. Hence, even for |lag®ols, the estimates for future school
effects will exhibit shrinkage and their standa&¥®confidence intervals will be bounded.
Furthermore, since we expeg},, to decrease as the distance between cohorts sesieihe

size of these effects will be expected to increasdurther we predict into the future.

Thus, to estimate the future performance of scha@ssimply estimate model (1) for the
current cohort of pupils and use equation (4) ttaimbestimates and standard errors for the
future school effects. We estimate model (3) ort pata to obtain the correlation between
school effectd cohorts apart. This makes the assumption that ¢bbort apart correlation is
stable over time, an assumption that is supponyetid stability reported in the school effects
literature.

We extend the models described here to includdiaddl predictors measured at both levels.
We restrict our analyses to random intercept mosielse these are widely used. However,
we note that random coefficient models, which altbe coefficients of predictor variables to
vary across schools, will often offer a more remidescription of the data (see, for example,
Nuttall et al., 1989). More generally, the modeds be extended to include, further levels,
non-hierarchical data structures, discrete resgomasel multivariate responses (Goldstein,
2003; Raudenbush and Bryk, 2002). However, we db pursue such extensions here
although the same general results will be expectdidmodels are fitted using iterative
generalised least squares (IGLS, Goldstein, 1986),yields maximum likelihood estimates
and is implemented in the MLwiN package (Rasbasdi. &004).

4, Data

The exam data are taken from the national pupdltege (NPD), a census of all pupils in the
English state education system. The NPD holds datpupils’ test score histories and a
limited number of pupil level characteristics. Wract six cohorts of pupils who took their

GCSE or equivalent qualifications in 2002, 200304202005, 2006 and 2007. We include
pupils with equivalent qualifications, such as #has vocational subjects, to be consistent
with the published value-added school league taflesthese cohorts we match their KS2
exams taken five years earlier in 1997, 1998, 12880, 2001 and 2002 respectively. To
each cohort, we then match data from the 2002 @ Zfupil level annual school census
(PLASC) datasets which contain data on pupil cheretics collected in the same year as
their GCSE exams. (Further information on the NPPD BLASC datasets and how to access
them can be found attp://www.bris.ac.uk/Depts/CMPO/PLUG/whatisplugt

Our initial sample consists of 3373676 pupils sdrewer the six cohorts and nested within
3119 mainstream secondary schools. We exclude kchiwat have data for fewer than six
cohorts and for convenience we exclude pupils waeehmissing values for any of the
predictor variables used in the analysis. Thesdusixms reduce the sample to 2750430
pupils within 2657 schools and checks indicate ttnaty can be regarded as a random
subsample of the full dataset. To ease the compngtburden of estimating our models, we
choose to restrict the analysis to a 10 percemtaansub-sample of the schools. This gives a
final sample of 277583 pupils attending betweemti266 schools.



4.1  Variables used in the analysis

As the response, we use a general attainment $iatels the same as that used in the
published  value-added school league  tables (for | fuldetails, see:
http://www.dcsf.gov.uk/performancetables/nscorirggsigtm). For each pupil, the general
attainment score is defined as the sum of a pupitiévidual scores across their separate
GCSE and equivalent qualifications. The individwdores for each qualification are
calculated using GCSE grades, recorded as: A* A5852, B =46, C =40, D = 34, E = 28,
F =22, G =16, U=0. The general attainment stken capped by choosing each pupil’s
eight best grades. This measure is considered fhiam the total (uncapped) score since it
lowers the scores of pupils who score highly mebglyaking many examinations. The mean
GCSE score is equivalent to eight grade C’s, whalsbne standard deviation change is
equivalent to a two grade change in each of thiet @gaminations. We treat the response as
continuous and, so that the multilevel residuatseb@pproximate the normality assumptions
of the models, we monotonically transform the raokgs values, within each cohort, to the
corresponding expected values of order statistrosnfa standard normal distribution
(Goldstein, 2003). We have carried out this tramsfdion since we have no interest in mean
changes over time in GCSE scores nor in changdblernvariance, because we are only
concerned with relative rankings. Prior achievemenimeasured by pupil’'s KS2 average
point score and is the same as that used in thikspal value-added school league tables.
For each pupil, this is defined as their averageesacross their separate KS2 English, maths
and science tests. To ease the interpretation iof pichievement in the analysis, the
distribution of this variable is similarly transfoed, within each cohort, to that of a standard
normal score.

We choose to adjust for a similar set of pupil &ales as those adjusted for in the published
contextual value-added school league tables. Thasgables are gender, age within cohort
(i.e. deviation in months from the mean age inabRkort), eligibility for free school meals
(FSM, a proxy for low income), an indicator for si@ educational needs (SEN), an
indicator for speaking English as an additionalglaage (EAL), ethnicity (White British,
White non-British, Black Caribbean, Black Africamdian, Pakistani, Chinese and other
ethnic group) and the income deprivation affectahgidren index (IDACI, a measure of
residential neighbourhood social deprivation meagat the lower super output area (LSOA)
level).

In our main analysis, we do not adjust for schawitart compositional variables since we
have argued these should not be included whenutpoge of estimating the school effects is
for school choice. However, since the DCSF do adpussuch variables we report how our
results change when we also adjust for these asalbhe compositional variables adjusted
for are the mean and standard deviation of thekéntachievement distribution for each
school-cohort. These variables are constructed tteempupil level data and aim to capture
the influence of pupils’ peer groups.



4.2  Description of the multilevel data structure

The data consist of a three-level hierarchy of lsupgsted within cohorts within schools. The
median school-cohort has 190 pupils. Table 1 ptestgscriptive statistics for the six cohorts
of pupils, 2002-2007. The percentage of pupils @dhg five or more A*-C GCSE grades
(5+A*-C) in 2002 is 55.2. This rose in successieang to 60.6 in 2007, with the largest
increase occurring between 2005 and 2006. Oveptrisd, the capped point score and prior
achievement of these pupils also rose. The deb@ipstatistics for the pupil level
characteristics suggest that they did not chang&edby over the six years. Over the period
as a whole, the percentage of FSM pupils has desdeslightly and there is some evidence
that the percentage of Black African and in patéicthe percentage of pupils not belonging
to one of the main ethnic groups have both inciekase

Table 1. Means and standard deviations for pupils’ backgdocimaracteristics reported separately for each
cohort: 2002-2007

Variable 2002 2003 2004 2005 2006 2007
Percentage of 5+A*-C GCSE pupils 55.2 55.9 56.6 558. 60.7 60.6
Mean GCSE capped point score (original 296.8 292.8 294.6 298.7 304.4 308.3
scale)? (95.9)  (102.0) (101.6) (101.6)  (99.1) (97.8)
Mean KS2 average point score (original 26.2 26.0 27.0 27.6 27.6 27.8
scale)” (4.1) (4.0 (4.1) (4.0 (3.9) (4.0
Percentage of female pupils 49.8 49.6 50.6 50.0 150. 49.9
Percentage of FSM pupils 115 11.4 11.3 11.7 109 061
Percentage of SEN pupils 16.0 13.3 13.3 145 152 591
Percentage of EAL pupils 6.7 7.1 6.9 7.5 7.5 7.5
Ethnicity
Percentage of White British pupils 87.1 87.2 87.1 86.3 86.2 86.4
Percentage of White non-British pupils 2.6 1.9 12 2.0 2.1 1.9
Percentage of Black Caribbean pupils 1.3 1.3 14 14 1.4 1.2
Percentage of Black African pupils 0.9 0.9 0.9 11. 1.2 1.2
Percentage of Indian pupils 2.1 2.1 1.9 2.0 1.8 81
Percentage of Pakistani pupils 2.5 2.4 2.1 2.5 3 2. 2.3
Percentage of Chinese pupils 0.3 0.3 0.3 0.4 0.3 0.3
Percentage of Other ethnic group pupils 3.2 3.8 1 4 4.4 4.8 4.9
Number of schools 266 266 266 266 266 266
Number of pupils 42949 44773 47229 46277 47851 4850

Note: (i) Standard deviations are reported in pidueses.



5. Results

5.1 Estimating school effects for the current cohort

Table 2 presents results from a traditional twaeelerandom intercepts model of school

effectiveness estimated on the 2007 cohort of pupihis model is an extended version of
model (1) which adjusts for a larger set of fixex/ariates, but otherwise retains the same
essential features. The response is the normaB€&8E scores in 2007. The model adjusts
for pupil prior achievement and the full set of pugackground characteristics described in
Section 4.1.

Table 2. Parameter estimates for the two-level random ¢efgts model of the normalised GCSE score for the
2007 cohort of pupils

2007
Fixed Part
Constant -0.071(0.014)
KS2 average point score 0.681(0.005)
KS2 average point score (squared) 0.043(0.003)
KS2 average point score (cubed) -0.026(0.001)
Female _ 0.184(0.006)
Age within cohort” -0.009(0.001)
Free school meal (FSM) -0.182(0.010)
Special educational needs (SEN) -0.373(0.009)
English as an additional language (EAL) 0.32819)
Ethnicity (ref. White British)
White non-British 0.096(0.023)
Black Caribbean 0.071(0.028)
Black African 0.194(0.031)
Indian 0.143(0.027)
Pakistani 0.026(0.028)
Chinese 0.383(0.057)
Other ethnic group i 0.067(0.016)
Neighbourhood social deprivation (IDACY -0.119(0.004)
Random Part
Between-school variance 0.046(0.004)
Within-school- between-pupil variance 0.397(0.003)
Deviance (-2*log likelihood) 93656
Number of schools 266
Number of pupils 48504

Note: Standard errors in parentheses. (i) The atpgrwcohort variable ranges in values from -6 where -6
corresponds to the youngest pupil in the academde gborn on 3 August) and +6 corresponds to the oldest
pupil in the academic year (born off $eptember). A one unit change in the variableesponds to an age
difference of one month. (ii) IDACI, is normalisealhave mean zero, variance one.

In the fixed part of the model, KS2 average pogaurs is entered as a cubic polynomial. This
is necessary to adequately describe the non-ligrauation of the response to this variable
particularly at the extremes. The effect of prichiavement is very strong; a one standard
deviation increase in the KS2 average point sessociated with approximately two-thrids
of a standard deviation increase in the GCSE sddre.presence of the prior achievement
measure effectively changes the interpretationllcgulbosequent variables in the model from
explaining variation in achievement at GCSE, tolaxjing variation in progress made over

secondary schooling. Girls and younger pupils nsgeificantly greater progress than boys
and older pupils. Those eligible for FSM and patady those with SEN make significantly

less progress whilst those speaking English asdditi@nal language make more progress.
All ethnic groups, particularly Black African, Ireth and Chinese pupils, make considerably
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more progress than white-British pupils. Finallyhose living in more deprived
neighbourhoods make less progress.

The random part of the model separates the residugltion in GCSE scores into the parts
that lie between-schools and within-school-betwpepis. The model gives a variance
partition coefficient (VPC, Goldstein et al., 20@#)0.104(=0.046/(0.046- 0.397: 10.4%

of unexplained differences in pupil progress atebattable to schools. Using equation (2) we
estimate the school effect and associated staredesd for each school in 2007. Fig. 1 plots
these effects with 95% normal confidence intencalsiputed using 1.96 times the estimated
standard errors so that this allows comparisonsd®t each school and the average school.

Fig. 1 School effects for the 2007 cohort with 95% conficke intervals

Value added estimates

1 50 100 150 200 250 266

Fig. 1 illustrates the inherently imprecise natafeschool effects (due to the small numbers
of pupils within schools-cohorts); only 168 (63.2%f) schools are significantly different
from the overall average. Importantly, this inferenis only valid for the current cohort of
pupils who sat their GCSE examinations in 2007. E\av, parents want to know whether
the same significant differences will still applyr ftheir children’s cohort who will sit their
GCSE examinations in seven years time, in 2014.

Adding the school-cohort level compositional valésb(results not shown) suggests that
there is a sizeable advantage in attending schatiisa higher mean intake achievement, and
to a lesser extent schools with a narrow spreathdisated by the standard deviation of
intake achievement. Moving from the 10th to theh9ércentile in the school mean intake
achievement distribution is associated with a Or8ease in a pupil’'s test score. The
equivalent comparison for the spread of schoolsika achievements sees a decrease of 0.09
in a pupil’s test score. In the random part of mhedel, adjusting for these variables halves
the between-school variance, the VPC drops frord%0to 7.2% and now only 55.6% of
schools are significantly different from the ovéralverage. In sum, differences in the
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composition of schools’ intake achievements, evdter aadjusting for pupils’ own
achievements, appears to be a major driver of etvgehool differences in GCSE scores.

Fig. 2 illustrates the association between themedd school effects which do and do not
adjust for compositional variables. The figure shothat adjusting for compositional
variables substantially alters the school effegid sank positions for many schools, the
correlation between the two sets of school effecjgst 0.83. As we have already suggested,
incorporating school level explanatory variables,the purpose of parental school choice, is
misleading since parents will want to know whichaal is best for their child, irrespective
of whether this is due to school composition or daeschool policies and practices.
Importantly, the figure shows that the apparenfquerance of the 17 selective/grammar
schools in our sample (indicated by large solidn{®)i has worsened considerably when
compositional effects are included, relative to #setective schools (indicated by small
hollow points). The selective admissions policegm@mmar schools ensure that their pupils
have a high mean and narrow spread of intake aememt. Hence, by including
compositional variables we adjust for both peeugreffects and a positive grammar school
effect.

Fig.2 Scatter plot of the 2007 school effeatiustingfor school-cohort compositional variables agathst
2007 school effectsot adjustingfor school-cohort compositional variables

754

)
1
(¢]

[N
a
1

o Non-selective schools
@® Selective schools

I

()

o
1

Value added estimates (2007)
adjusting for compositional variables
o

i
()}
|

1

~

o
1

-5 -25 0 25 5 .75

Value added estimates (2007)
not adjusting for compositional variables

|
N
(&)

12



5.2  Predicting school effects for future cohorts

In order to predict future school effects for 2Qfiden 2007 data, we need an estimate of the
correlation between school effects seven yeard.agawever, we only have data for 2002-
2007 which gives correlations between school effdéot up to five years apart. Table 3
presents results from a bivariate response mod&tdan the 2002 and 2007 cohorts of
pupils. This model provides an estimate of thealation between school effects five years
apart and will therefore lead to a conservativaupe of the inaccuracies that arise from
predicting into the future. This model is an extemdersion of model (3) which adjusts for a
larger set of fixed covariates, but otherwise retaihe same essential features. The two
responses are pupils’ normalised GCSE scores gelyafar each cohort. Prior achievement
is again entered as a cubic polynomial and adjustsnae made for the same set of pupil
level variables as before.

Table 3. Parameter estimates for the bivariate two-levetioam interceptamodel of the normalised GCSE

score for the 2002 and 2007 cohorts of pupils

2002 2007
Fixed part
Constant -0.055(0.014) -0.071(0.014)
Average point score 0.667(0.006) 0.68(Q(0.005)
Average point score (squared) 0.qP28003) 0.0420.003)
Average point score (cubed) -0.0@6002) -0.0240.001)
Female A 0.189(0.006) 0.1840.006)
Age within cohort” -0.009(0.001) -0.0090.001)
Free school meal (FSM) -0.217(0.010) -0.181(0.010)
Special educational needs (SEN) -0.402209) -0.3730.009)
English as an additional language (EAL) 0.20221) 0.3250.019)
Ethnicity (reference is White British)
White non-British 0.015(0.025) 0.0940.023)
Black Caribbean 0.086(0.028) 0.0720.028)
Black African 0.220(0.035) 0.1940.030)
Indian 0.196(0.027) 0.1430.027)
Pakistani 0.101(0.028) 0.02§0.028)
Chinese 0.237(0.053) 0.3830.057)
Other ethnic group ) 0.162(0.021) 0.06710.016)
Income deprivation affecting children index (IDAC) -0.126(0.004) -0.1170.004)

Random Part: Schodl

Between-school variance (2002) 0.0407004)
Between-school covariance (2002, 2007) 0.(0:B004)
Between-school variance (2007) 0.047004)
Random Part: Pupil

Within-school- between-pupil variance (2002) 0.36803)
Within-school- between-pupil variance (2007) 0.302003)
Deviance (-2*log likelihood) 173243
Number of schools 266
Number of pupils 91453

Note: Standard errors in parentheses. (i) The atpgrwcohort variable ranges in values from -6 where -6
corresponds to the youngest pupil in the academde gborn on 3 August) and +6 corresponds to the oldest
pupil in the academic year (born off $eptember). A one unit change in the variableesponds to an age
difference of one month. (ii) IDACI, is normaliséd have mean zero, variance one. (iii) The schewoéll
variances are restricted to equality.

The fixed part parameter estimates for 2002 hagesime signs and similar magnitudes to
those for 2007. In the random part of the moded, ibtween-school variances for the 2002
and 2007 cohorts are constrained to equal one andhikelihood ratio test shows that this
constraint, which simplifies the formula for pretiig future school effects, does not

13



significantly reduce the fit of the mode)(&) =0.156, p=0.692¢). The model gives a VPC

of 0.113 and 0.106 for 2002 and 2007 respectiva@dizpols are no more or less important a
source of variation in unexplained progress in 20tah they are in 2002. The correlation
between the 2002 and 2007 school effects, thatbsilised in the calculations for predicting
the future school effects, is 0.4 0.030/0.047.

To show how the school effects become less stabde time, we estimate the bivariate

model four more times, for 2007 and each of the62@D05, 2004 and 2003 cohorts. The
fixed and random part parameter estimates arey fsiable across all six cohorts (results not
shown). However, the strength of the correlatioasvieen school effects decay the further
apart the cohorts are; the correlations betweer? 20@ earlier cohorts are 0.89, 0.87, 0.76,
0.70 and 0.64. These correlations are higher thasetreported in the literature, but this is
expected since the literature has often adjusteddmpositional variables whereas we do
not. Indeed, if we do control for the school-cohtevel compositional variables, the

correlations between 2007 and earlier cohorts twdp80, 0.73, 0.57, 0.46 and 0.40. Hence,
the stability of school effects is in part due mmpositional differences in schools’ intakes
that persist across schools over time.

Fig. 3 illustrates the association between themeded school effects for the two cohorts
furthest apart, 2002 and 2007. The figure showsttiere are many schools with relatively
high school effects in 2002 that have low schot@a$ in 2007 and vice versa. Thus, using
current school effects to make inferences five y@ato the future will result in many highly
inaccurate judgements.

Fig. 3 Scatter plot of the 2007 school effects agains20@2 school effects
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Equation (4) is used to predict estimates and st@nhdrrors for the future school effects in
2014. In these calculations we used the 2007 safteits and parameter estimates reported
in Table 2 and the correlation of 0.64 for schdtdas five years apart from Table 3. Fig. 4
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plots these effects with 95% confidence intervdiat tallow comparisons between each
school and the average school.

Fig. 4 Future school effects for the 2014 cohort basedGflY data with 95% confidence intervals

Future value added estimates
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Fig. 4 shows that the predicted 2014 school efféetge smaller magnitudes and wider
confidence intervals than those for the 2007 cofseé Fig. 1). The estimates of the future
school effects have been adjusted towards zerahesmdeflects the fact that they contain less
information about the likely ‘effectiveness’ of sails in 2014 than they do about the
effectiveness of schools in 2007. In addition, tleeinfidence intervals are widened to again
reflect the increased statistical uncertainty iredl when predicting into the future. On

average, the confidence intervals are 3.5 timesids as in Fig. 1. In Fig. 4 all but 9 (3.4%)

of the 95 percent confidence intervals overlap zkience, we can only predict, at the 5%
level, that a handful of schools in 2014 will bgrsficantly different from the average

school. If we adjust for the school-cohort leveinamsition variables, we find that no schools
are significantly different from the overall aveeag

Many parents will not be interested in comparingiagle school's performance to the
average school; rather, they want to compare thenpeance of two schools with each other.
Following the method proposed by Goldstein and H¢&aP95), we construct an overlap
interval for each school that is equal to the estemof the school effect £1.4 times its
standard error. Using these overlap intervals, sebools are significantly different from
each other, at the 5% level, if their overlap imés fail to cross. We note that where parents
wish to make more than one pairwise comparisorgetlmerlap intervals should be wider
(Afshartous and Wolf, 2007). Hence, the inferenaesdescribe below give an optimistic
picture of how well schools can be separated.

With 266 schools, the total number of possiblewpige comparisons is 35245 = 266(266 —
1)/2. For the 2007 cohort, we find that 62.7% asth allow significant separation. A similar
percentage is found for the earlier cohorts. Howefog the 2014 future school effects, the
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results show that only 2.1% allow significant sgpan and in the case when we adjust for
school-cohort compositional variables, no two s¢hamn be separated. Another way of
looking at this is if we use the 2002 data, thely G0.0% of 2007 significant separations are
correctly identified. However, the 2002 data ineoctly identifies 6.4% (10.5%) of the 2007
pairwise comparisons where schoad significantly better (worse) than schgas school
being significantlyworse(betten than schoqgj.

In sum, having adjusted for the uncertainty of prtolg five years into the future, we find

that, at the 5% level, almost no schools are sicamtly different from the average school
and very few schools can be predicted to be samfiy different from each other at the 5%
level. We also note that these are almost certauplyer limits since we have used the
correlation appropriate to cohorts five years apattier than seven years apart.

6. Conclusions

The purpose of this paper has been to demonstratefor purposes of school choice, using
current school performance as a guide to futureagberformance is highly misleading. One
justification for the publication of school leagiables is that they are able to inform parental
school choice. However, these tables do not ad@rsprediction uncertainty, nor do they
provide a clear statement of this statistical stmrting. Importantly, when we account for
prediction uncertainty, the comparison of scho@sdmes so imprecise that, at best, only a
handful of schools can be significantly separatethfthe national average, or separated from
any other school. This implies that publishing ssitHeague tables to inform parental school
choice is a somewhat meaningless exercise. Iniaddas we have pointed out, the current
inclusion of compositional variables is inapprofeias the effects of these variables are part
of the school effects that parents are intereste®ee also Benton et al. (2003) who show
that the inclusion of compositional variables chemghe rank order of school effects. The
current practice of adjusting for the school lewetan and spread of intake achievement
considerably worsens the performance of grammasadshrelative to non-selective schools
and this has important policy implications.

Our method of predicting the future performancesdifools is presented to illustrate the flaws
with using the traditional school effectiveness eldor choice purposes. It is not proposed
as a new means of producing league tables. Therefuather reasons against using
performance indicators to rank schools to infornoicé since the statistical limitation
discussed here is just one of a long list of camcabout using examination results as
indicators of school performance (Goldstein ance§glihalter, 1996; Goldstein and Thomas,
1996). To the extent that parents may nevertheldsh to use the information that is
provided by these tables, they will need to be awhat the uncertainty attached to them will
necessitate a low weight being placed on them agpaced with other sources of information
available to parents through, for example, schogpections and local knowledge. However,
we do feel that, used carefully, there isatountabilityrole for performance indicators as
monitoring and screening devices to identify schdok further investigation, and, for this
purpose, they should account for school composiiod the most recent estimates are the
most appropriate. For example, where these indigditad schools perform very well or very
poorly for a cohort of pupils, it will often be gresting to study the policies and practices
that these pupils were exposed to during their alaing. Nevertheless, for both monitoring
and screening schools, performance indicators bveilbf most use when used together with
other sources of school information; judgementsebtagoon league tables alone should be
considered as unsafe.
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Our discussion has been in the context of parehiailce of secondary schooling. However,
our arguments and conclusions also apply to othesgs of the education system such as
KS2 exams at 11 years and A-level exams at 18 yehese, for the purpose of school
choice, the most recent published data are cuyresit and four years out of date
respectively. Our main result, that almost no sthoan be significantly separated from each
other, is likely to be even stronger for primaryaals since these are, on average, a quarter
the size of secondary schools. Finally, the stasisissues we discuss are also relevant to
other public sectors such as health and socialices,vwhere attempts are also made to
inform individual choices of institution based uptheir past performance.

Appendix
We consider here the special case of a level 2ateganeasures model where we just have

two occasions at level 2, with the following stwet. Using notation as in Goldstein (2003),
Appendix 2.2.1, we write this model as

yo = ( x%@)__ LZ0 @
o =(x<z)/3(z))]“ P ENCIT
N ENE ) SC CRT) B ®

® ]
u Q
12 ~N (OnQu) ’ Qu ={ ull }
UE ) Q Qu22
(

ul2

i _Qell
!(z> N(0.Q.), QE{O Q.,,

The superscripts ‘(1) and ‘(2)’ denote the cohoré™ is the design matrix for the
explanatory variables for cohokt, S is the vector of covariate coefficients for cohlart

and (X(k)ﬂ(k))ij is the linear fixed predictor for théh pupil in thejth school for cohork.

The matrixZ™® is the matrix of explanatory variables for thedam coefficients which are
assumed to have a joint multivariate normal distidn. The matrice€2, and Q_are the

covariance matrices for the full set of level 2 dedel 1 random coefficients respectively.
The model is fitted to provide estimates of all gagameters and we consider estimating the

set of level 2 residual§® given the observed datg”, X{”and z{". Goldstein (2003,

Appendix 2.2.1) provides expressions for the pamtezstimates of residuals for a single
occasion and their variances. Following that expmsiand by considering the regression of
the second occasion residuals on the first occasaanresidual estimates we obtain the
required posterior or predicted residual estimates

0® = (42| W,0,, ) =0, 2 Y1 ¥ ©)

where Y® =Y — X330 and their conditional or ‘comparative’ covarianceatrix
cov({@® - u®) , which is used to provide interval estimategjii@n by
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where the final term in equation (7) is the ‘diagi@ covariance matrixcov(ﬁﬁz)). For
completeness we note that equation (7) does natdaedhe adjustment for the fact that the
fixed part coefficients are estimated. These cambaporated by replacin\gl(l)_l by

v {V‘l) - x“)( XU x“))_l >43‘T} 2 8)

which provides a restricted maximum likelihood estie (REML). Since the sample size in
our dataset is very large the REML adjustment is meeded. In this paper, we analyse a
special case of the above where we fit a randoerdapt model at each occasion, that is

p=1andz® is a vector of ones. By making the simplifyinguasgtion o’ =02, =0’ and
writing p,,, =0,,,/0> we obtain the posterior estimates and the associedmparative

variance for a set of cohort 2 school effects basdg on cohort 1 data. These constraints
applied to (6) and (7) lead to the expressionsrgimeequation (4).
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