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Abstract

We analyse response patterns to an important sofv&shool children, exploiting

rich auxiliary information on respondents’ and rmespondents’ cognitive ability that
is correlated both with response and the learnaigeaement that the survey aims to
measure. The survey is the Programme for IntemaitiStudent Assessment (PISA),
which sets response thresholds in an attempt toalatata quality. We analyse the
case of England for 2000 when response rates veamraeld high enough by the PISA
organisers to publish the results, and 2003, whspanse rates were a little lower and
deemed of sufficient concern for the results ndidgublished. We construct weights
that account for the pattern of non-response uswgnethods, propensity scores and
the GREG estimator. There is clear evidence ofsiasut there is no indication that
the slightly higher response rates in 2000 wereaated with higher quality data.
This underlines the danger of using response hagstolds as a guide to data quality.
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1. Introduction

Surveys of school children are carried out in migialystrialized countries as a result
of national debates about education policy and@esteof international inquiries into
student performance. Potential bias from non-respoepresents a major threat to the
validity of findings from such surveys. A commorpapach adopted by survey
organizers or funders to maintain data qualityhmfiace of non-response is to require
response rates to exceed a target threshold. Gon@®, thresholds of 85% for school
response and 80% for student response are set Pridlgramme for International
Student Assessment (PISA), co-ordinated by the iisgion for Economic Co-
operation and Development (OECD). The Trends ieriv@tional Maths and Science
Study (TIMSS) seeks response rates of 85% for scitbols and students.

Such thresholds provide an appealing rule of thbotlthey are no guarantee
that the bias will be negligible: thmatternof response in relation to the survey
variables needs to be considered and not justtkede.g. Groves, 1989, 2006;
Groves and Peytcheva, 2008). That is, considerageds to be given to the non-
response bias resulting from the unknown non-respomechanism. Low response
may result in little bias if respondents and nosprndents are similar. High response
may be consistent with non-trivial bias if the dweristics of those not responding
are very different. Assessing non-response biasllysepresents a difficult
challenge, since information about non-respondisnafien very limited. What is
needed is comparable information on the charatitrisf respondents and non-
respondents that can be used to control for agsmtidetween response and the key
survey outcome variables.

This paper exploits rich auxiliary information mespondents and non-
respondents to one survey that can serve this pargaur aim is to analyse non-
response biases in England to the first two rowfd&SA, which began in 2000 and
that is conducted every three years. We have iddalilevel data on learning
achievement for the entire population of 15 yearablildren in schools from which
the PISA sample is drawn — these are administragigisters on pupil performance in
national tests taken at age 14 and in public exaken shortly after the PISA
fieldwork period. We are able to link this infornmat to the PISA sample. This is a

very unusual situation: we have information fortbhgspondents and non-



respondents and for the rest of the populatiorxaciy the subject area that is the
main focus of the survey — PISA’s principal aintasassess learning achievement.

It is especially important to consider the Engksimple in PISA. Reports
from OECD for the 2003 round excluded the UK foliogrconcerns that the quality
of data for England, where there is a separateegusuffers from non-response bias.
Not surprisingly, this was the subject of consitl#acomment. For example,
speaking at the 2005 Royal Statistical Society i@ditarsh lecture on ‘Public
Confidence in Official Statistics’, Simon BriscokThe Financial Time$isted this
incident as among the ‘Top 20’ recent threats talipurust in official statistics. We
also estimate the extent of biases in the 200Q Basponse rates in this year at both
school and pupil levels in England were only adlittigher than in 2003 and results
for the UK were included in OECD reports for this\ey round. As for other
countries, the individual level data for England both rounds can be downloaded

from the PISA websitenfww.pisa.oecd.org The data are therefore available for use

worldwide, underlying the importance of researdb their quality.

There has long been a need to obtain a better statieing of response to
school surveys in England. Relative to other caesifEngland has had a poor record
in the international surveys of children’s cograti@chievement, including TIMSS and
the Progress in Reading Literacy Study (PILRS) e & PISA. For example, the
average response rate for OECD countries in eighregs between 1995 and 2003 —
TIMSS 1995 & grade, TIMSS 1995"8grade, TIMSS 1999, PISA 2000, PIRLS
2001, TIMSS 2003% grade, TIMSS 2003"8grade, and PISA 2003 — exceeded those
for England by 30 percentage points for schoolaasp ‘before replacement’, by 12
points for school response ‘after replacement’dghterms are defined below) and by
5 points for pupil response. Moreover, responsesrat school surveys organised by
government fell over these years, by an estimatechge of about 2 percentage
points per year over 1995-2004 (Sturgisal, 2006, analysis of 73 surveys). Happily,
in the case of PISA, response in England was high2006 and 2009 and results for
the UK were included back into the OECD’s repdsist the uncertainty about data
quality in 2000 and 2003 remains and higher respansubsequent survey rounds
does not imply that any problems were absent.

Our paper also contributes to the broader survehadelogy literature by
exploring the nature of non-response bias for dquaar kind of survey, distinguished

not only by the occurrence of non-response at évelt but also by the reasons for



non-response at each level, which may differ froosé for more commonly studied
types of survey. For example, although refusal owur as in standard household
surveys, there are many other potential sourcesiaf non-response (OECD, 2005),
including lack of parental permission or illnessoter absence from school, and the
extent of these different forms of non-responsédé@pend not only on the pupils
themselves but also on the efforts taken by theasho ensure their participation.
Our examination of non-response bias considersibotklation to response rates and
its assessment via alternative weighting methasldjscussed across a wider range of
surveys by Groves and Peytcheva (2008) and Kretitar (2010) respectively.

Section 2 summarises the PISA sample design apdmese in England in
2000 and 2003. It also describes our auxiliarynmiation from the administrative
registers on performance in national tests ané@ssamptions required for this
information to be used to assess non-response bias.

Response patterns in a survey may result in biasestimates of some
parameters of interest but not others. SectionaByaes the test and exam scores from
the administrative sources to assess biases maiss of: (a) mean achievement, (b)
dispersion of achievement, and (c) the percentagkilolren below a given
achievement threshold. These measures summarisgaihdeatures of interest of the
distribution: how well children are doing on avezathe differences among them, and
the numbers not meeting particular standards. e shat biases arise mainly from
pupil response rather than school response, edlgenid003, and then provide
further analysis of the pupil response probabilgyng logistic regression models.

Section 4 uses two methods to construct alternagt® of weights to adjust
for the pattern of response. The first uses prapessores based on results from the
logistic regression models in Section 3. The secoathod exploits the fact that we
have auxiliary information for the entire targepptation. We estimate weights based
on the generalised regression (GREG) estimatoght&that account for differences
between the composition of the achieved samplesganding pupils and the
composition of the population from which they wdrawn.

In Section 5 we apply these alternative sets ofatsito the sample of
respondents. The focus is now on estimates of aefmient based on PISA test scores.
We again consider the three parameters of thaldistbn described above. In each
case, a comparison of the results with those obtiaivhen we use the survey design

weights provides estimates of the extent of nopoase bias. There is clear evidence



of biases in the 2003 data and no indication timastightly higher response rates in
2000 were associated with higher quality data.i®e& discusses the results within

the paradigm of total survey error. Section 7 regpour conclusions.

2. PISA data for England and the auxiliary information

Sample design

PISA has a two stage design. First, schools witlels olds are sampled with
probability proportional to size (PPS). Secondngpte random sample of 35 pupils
aged 15 is drawn for each responding school. thaal has fewer than 35 pupils of
this age, all are included in the second stage kamppil sampling is done by the
survey agency, the Office for National StatistiNS) in 2000 and 2003, from lists
provided by schools.

The first stage sampling is stratified on schopésind type of school — state,
guasi-state, and private (the English terms foseharee types are ‘LEA’, ‘grant
maintained’ and ‘independent’). The great majootychools are state schools and
only 7 % of 15 year olds attend private schoolsthWiithe first two types, further
strata are created on the basis of region and,riaoity, the age 16 public exam
records that form part of our auxiliary informatid?rivate schools are stratified by
region and by gender of the pupils.

As is common with the international surveys ondih’s learning
achievement, a system of ‘replacement’ of non-redpw schools is operated.
Replacement in survey sampling is the subject osicierable debate (e.g. Vehovar,
1999; Prais, 2003; Adams, 2003; Lynn, 2004; Stwegel., 2006). The PPS sampling
generates a list of ‘initial schools’ together witto potential replacements, the
schools that come immediately before and afteriwitie stratum. If an initial school
declines to participate, its first replacementgpraached. If this first replacement
does not respond, the second replacement is aglpadticipate. Schools sampled in
England, including the replacement schools, nunth&48 in 2003 and 570 in 2003
— 181 schools in each group in the first year &@@lih the second. There is no

replacement of non-responding pupils.

Response in England



Table 1 shows the response rates in England abkahd pupil levels. In both
years, these fell well below the OECD average. h#ore replacement’ school rate
(BR) refers to response among initial schools. @fter replacement’ rate (AR)
measures response among all schools that are apphavhether an initial school
or a replacement school. However, replacemengégpfoached, are excluded by the
survey organisers from the denominator of the ARictvis a cause of some
controversy (Sturgist al, 2006). Their inclusion in the denominator worgdult in
rates in England of only 51% in 2000 and 56% in2(@ur calculations). As this
reflects, replacement schools were substantiadly likkely to respond than initial
schools. An obvious possible cause is that theseods had less time to organise
their pupils’ participation in the survey by thedd period laid down for the survey,
given that they were approached only after repeaitedipts had been made to

obtain response from the initial schools.

Table 1 here

Automatic inclusion of a country into the OECD regalepends on the level
of response achieved. The PISA Consortium, whi¢thasody overseeing the
survey, requires a minimum BR of 85% for schoolsadrere this rate was between
65% and 85%, an ‘acceptable’ level of the AR. (@heeptable level rises by one
percentage point for every half point that the BRsfbelow the 85% thresholdhhe
threshold for pupil response is 80%. If a countwgsinot meet these requirements, it
Is asked to give evidence that its achieved saofplesponding pupils in responding
schools is representative of the survey populaiwhthe Consortium then takes a
decision on inclusion. This request was made ofd&hin both 2000 and 2003.

In 2000, school response in England fell far sbbthe BR threshold and the
AR was also well below the acceptable level. A&eidence was provided on the
characteristics of responding schools, the UK wakided into the OECD reports on
the 2000 data (e.g. OECD 2001). In 2003, Englandnigher the school nor the
pupil response thresholds. The evidence from tlaéyais of non-response bias that
was provided by the Department for Education antisSlan analysis undertaken by
us) was judged to indicate potential problems atstindent level, although the

Consortium argued that it was ‘not possible toatdly assess the magnitude, or even



the direction, of this non-response bias’ (OECD42Z®&28). As a consequence, the
UK was excluded from the OECD reports on the 20&xa.d

We restrict attention in this paper to PISA in 2@0@ 2003, but the survey
has been repeated in England in 2006 and 200906, both the school ‘after
replacement’ response rate and the pupil respatsevere reported as 89%
(Bradshawet al. 2007: 14-15). In 2009, school BR and AR were G9% 87%
respectively, leading to an inquiry into the resgmwpattern of schools, and the pupil
response rate was 87% (Bradshetval 2010: 10-11).

Auxiliary information

England is unusual in having national tests andipezams of children’s
learning at several ages. Once linked to the Pi8#ey data, this information allows
respondents and non-respondents to be comparéa drasis of assessments taken
not long before and shortly after the survey wasdoated. We can also compare test
and exam scores for sampled and responding urtitsvaiues for the population.

We use information from ‘Key Stage 3’ (KS3) natibtests in English, maths
and science taken typically at age 14 (and compgiscstate schools in both 2000
and 2003), and ‘Key Stage 4’ (KS4) public exam®taéit age 15 or, more
commonly, at 16. The latter are General Certificdt&econdary Education exams
taken in a wide range of subjects and General Nakidocational Qualifications,
known respectively as GCSEs and GNVQs. We focufi@me measures: the average
points scored by a child across the three KS3,tdstgotal points scored in the KS4
exams, where the higher the grade achieved inabjg the higher the points
attributed (there are standard equivalences forEsShd GNVQs), and whether the
child passed five or more subjects in the KS4 exanggades A-C, a measure that
claims a lot of attention in debate in England ool effectiveness. KS3 tests were
mandatory in 2000 and 2003 within state-funded sishiout the information is
typically missing for children attending privatensols.

We use this auxiliary information to assess nopaase bias in two ways.
First, in Section 3 we examine how the distribusion these test and exam scores
vary according to PISA response status. Secorfseations 4 and 5 we use the
auxiliary information to construct weights for @séting bias with respect to the PISA
outcomes. The validity of these weighted estimaiéisiepend on the assumption

that non-response is independent of the key swaggbles conditional on the values



of the particular auxiliary variables that we use, that response missing at random
(MAR) (Little and Rubin, 2002). This assumption lwih practice, only hold
approximately. The KS3 and KS4 exam outcomes hahtselves be subject to
measurement error and so will only control pagi&dr any underlying relationship
between non-response and true achievement levaise $vidence regarding the
robustness of the weighted estimates of bias tartiges from the MAR assumption
is provided in Appendix C and discussed in Sechion

Critically, for the closeness of approximation t&\R, the auxiliary
achievement measures have a high correlation i@A Rest scores for responding
pupils — see Table 2. We are therefore in the ersvpmsition of having very good
auxiliary information. Figure 1 plots the PISA mattore in 2003 against the KS4
total points measure. (We explain below the linkofighe PISA data with the

administrative records and hence the samples ocihvthese statistics are based.)

Table 2 here
Figure 1 here

Auxiliary information is also available from admétriative records on the
child’s gender and whether he or she receives &cbeol Meals (FSM), a state
benefit for low income families, and we use thi®mmation in both Section 3 and 4.
Information on FSM is not available at the pupildefor 2000 although we do know

the percentage of individuals receiving the benefihe child’s school.

Linking PISA survey data to the auxiliary infornwati

We have access to the auxiliary information justcdbed for (almost) all 15
year olds. This information is contained in the iPupvel Annual School Census and
the National Pupil Database, a combination we ref@s the ‘national registers’. The
linked data set of PISA survey and national regidéta was created by us using files
supplied by ONS, the survey agency, and the Fideamrily Trust, who extracted
data for the population from the national registéise linking used unique school and
pupil identifiers that ONS and the Trust had adubetthe files. Further details of the
files are given in Micklewright and Schnepf (200&though for the present paper we
have slightly refined our cleaning of the data. @nking was not perfect — see Table

3. There are a few schools that were sampled ®ARbdr which we could find no



record in the national registers. Within schoolscegsfully linked, we could find no
record in the registers for some sampled pupilgeaally in 2000 when the register
data exclude pupils with no KS4 entries. (In th@2€0@ata, this group represents about
2% of the cohort.) In total, as a result of eitb@use, we were unable to link 3.8% of
pupils sampled for PISA in 2003 and 6.2% in 20Qdlufe to link was more common

for non-responding pupils.

Table 3 here

In the case of responding pupils whom we were wentblink, we can
compare their characteristics recorded in the sutha¢a with those of linked pupils.
In 2003, the mean PISA achievement scores aretl§ligigher for pupils who are not
linked but in each case — maths, science and rgadine difference is not significant
at the 10% level. In 2000, the pupils who are mkdd have considerably lower mean
scores (by about 20 points), consistent with tlgéster data excluding pupils with no
KS4 entry, and the differences are statisticaiypsicant at conventional levels. All
our results for PISA variables in the rest of t@gr were obtained with observations
that we could link to the national registers and thay account for any slight

differences from results for England published iy $urvey organisers.

Weights

Design weights are needed at both school and faygls. Although a self-
weighting design is the aim in PISA, in practicestis not achieved exactly since
actual school size may differ from that indicatedhe sampling frame; some schools
have less than 35 pupils; exclusions need to beuated for. Weights are also
provided in the database available on the OECD Ri8Bsite that adjust for non-
response (see Micklewright and Schnepf 2006). Theseporate the design weights.
The OECD school weights adjust for the level opmesse in each stratum. Since the
strata are constructed on the basis of school$’Kf84 results, the adjustment is
basedle factoon schools’ average achievement, thus takingantmunt the pattern
of response as well as the level. The OECD pupije take into account the level
of response within any school but not the patterigeneral, the adjustment factor is

the ratio of the number of students who were sadge¢he number who responded



and is therefore the same for all responding puphe pupil weight also incorporates
the OECD school weight.

Our analysis in Section 5 includes a comparisam@impact of OECD
weights with the design weights. This shows themixto which the OECD’s
adjustment factors correct for biases induced byptittern of response. At the school
level at least, the OECD weights offer some hopacbieving this. Our own response
weights that we compute in Section 4 allow in addifor the pattern of pupil
response. Section 3 shows the pattern of pupibrespto be critical for the extent of

non-response bias.

From population to responding sample
We define five groups of 15 year olds to guide analysis of biases in

Section 3:

)] the PISA survey population of pupils in Englasahools;
i) all pupils in schools sampled for PISA;

i) all pupils in responding schools;

iv) all sampled pupils in responding schools;

V) responding pupils.

The survey population consists of the pupils inRII&A target population of all 15
year olds, less permitted exclusions. (NB all 1ary&ds are obliged to be in schools.)
In practice, our definition of group (i) departstde from this. First, as already noted
the registers for 2000 exclude the small minoritpupils who were not entered for
any KS4 public exams. Second, we are unable to/aghipthe exclusions from the
target population that are permitted within PISArrRitted exclusions of schools are
those in remote areas, or with very few eligiblgify or catering exclusively for
non-native English speakers or for pupils studets ‘statemented’ special
educational needs (SEN); permitted exclusions pflpwvithin included schools are
children with limited proficiency in English or witstatemented SEN. (These are
main criteria in 2003; those in 2000 are similar §ametimes formulated differently:
OECD 2004: 320-2, OECD 2001: 232.) In practice @sicns are small, accounting
for 5.4% of the population in England in 2000 ane $ame percentage again in 2003
for the UK as a whole (Micklewright and Schnepf 8000). We are able to omit

10



special schools catering for SEN students in betrs. In 2003 we can omit all
pupils ‘statemented’ with SEN in other schools & unable to do so in 2000 when
the registers lacked the SEN status of individuglilg. Our school and pupil
exclusions in 2003 totalled 4.7% of pupils in tegister, suggesting that we mirrored
the main exclusions carried out in practice in PI8Ahis year. We define group (ii)

to include all sampled schools, initial or replaest) including replacements that
were not asked to participate. Groups (iv) ancafe)composed of the linked sampled
and responding pupils respectively, the totals loctv are given in Table 3.

3. Biases in estimates of achievement parametersdea on auxiliary information

Table 4 compares the five groups identified atethé of the previous section
with respect to the different auxiliary variabl&ge apply the design weights only for
groups (ii) to (v) since we wish to see the fufeet of non-response (and sampling
variability). We begin by describing the results 28003. Compared to the population
(1), the responding PISA sample (v), over-represgnts and under-represents
children from low-income families (FSM receipt). & Hifferences are statistically
significant at conventional levels. For gender cosition, the largest difference is
between groups (ii) and (iii) and groups (iii) &ng, reflecting school response and
pupil sampling respectively. For receipt of FSMfatences arise at all stages. The
movement from stage to stage almost always redhegsercentage male and the

percentage with FSM.

Table 4 here

What about measures of achievement? The meangloth®test score
variables for responding pupils are higher thanpibygulation values. The percentage
changes are very different but in terms of popatatitandard deviations the KS3
variable mean rises by nearly 0.1 units and KS4mbgaabout half as much again.
These are not trivial changes and are statistisgdjyificant at conventional levels.
There is a slight fall following school respongg,t6 (iii), but otherwise the trend is
for the mean to rise, with the main change comirtyelast stage following pupil
response, (iv) to (v). The standard deviations terakcline, most obviously for the

KS4 variable — a fall of 12% — and again the largeange comes with pupil

11



response. The top half of Figure 2 shows the chamgmean and standard deviation

for the KS4 score and summarises the key findi(igsresponding pupils have higher
average achievement and show less dispersion iastitan the population; (2) this is
driven in particular by pupil response; but (3) hgpmpling also appears to be a

factor.

Figure 2 here

The next two rows in the table show the implicatbéithe changes in mean
and variance for the percentage of each group megehgiven threshold of
achievement. The percentage achieving five or rgooel subject passes at KS4 — a
measure commonly used in public debate on pupieaement — is five points higher
in the PISA sample than in the population. The sdaoeasure shows the percentage
beneath a very low standard — the bottom decik€S3f points in the population. (The
figure is not exactly 10% in the population duehe lumpiness in the distribution.)
Here the impact of a rise in mean and a fall inarare reinforce each other, and the
PISA responding sample shows marked under-repiasambf pupils at this very
low level of performance. By contrast, the percgatm the final sample with scores
above the top decile in the population is very elt;s 10% (not shown), the effects of
the changes in mean and variance here cancelling ou

The picture for 2000 is broadly similar, at leasfar as the achievement
variables are concerned (gender composition hattynges across the groups): there
is no indication that the slightly higher resporates in 2000 were associated with
higher data quality. The rises in the means betwleepopulation and the final
sample are rather larger in population standardatiens terms, by 0.13 for KS3
score and 0.20 for KS4 points. (Our inability tongve ‘statemented’ SEN pupils in
normal schools in 2000 from groups (i)-(iii) wilatae held down the population
values a little.) The standard deviations fall B 8nd 9% respectively. The
percentage of pupils with at least five good KSHjsct passes rises by 7% points.
These differences are strongly statistically sigatit. The lower half of Figure 2
summarises the changes for the mean and standaadiole of KS4. The most
obvious difference from 2003 is that school respaasassociated with as big an

increase in the mean as pupil response.

12



Pupil response

Table 4 shows that the main source of non-respoiases came through pupil
response, at least in 2003, and we now investibeen more detail. Differences
between respondents and non-respondents are stiggificant in both years — see
Table 5. (The exception is the percentage mal®@83 The sizes of several of the
differences are striking, for example Free SchoebM receipt in 2003 (not measured
in 2000): receipt among non-respondents is a thigher than among respondents.
The KS3 and KS4 points means in 2003 differ by Iye20% and 40% respectively of
the population standard deviation values. The pe¢ace of pupils with five good

KS4 passes is higher for respondents by 17 pemgem@ints in 2003 and by 14
points in 2000. The standard deviation of KS4 ofot respondents is 15% lower
than the value for non-respondents. Given a noperese rate of some 20-25% of
pupils, these differences are sufficient to gemenain-negligible biases — shown in
Table 4.

Table 5 here

We build on Table 5 by estimating a logistic regres model for the
probability that a sampled pupil responds to PIB&.Y; = 1 if pupili responds and
Yi= 0 if he or she does not; prob&r1) = 1/[1+exp($X;)]. The model is estimated
separately for 2000 and 2003. Estimates of thenpetexsp are given in Table 6.

Our approach to model selection is conservativeta@adpecification oX; is
simple. We focus on a suitable functional formtfoe auxiliary information on
achievement, where non-linearity was immediateigew. Using the KS4 total
points variable, we settled on a piece-wise lifeactional form — model 1. We also
show the results of a quadratic specification —@h@d We tested for the inclusion of
KS3 points but the variable proved insignificamntolling for the KS4 score. The
knots are at about the"1,360", and 9% percentiles of KS4 points in 2003 and at the
12" and 88 percentiles in 2000. The first two estimated doihts in the piece-wise
models and both coefficients in the quadratic moded very well determined. In
both years, the probability of response rises suibistly with KS4 points and then

flattens out. (The turning point for the quadratiodels is close to the top of the range

13



of the data.) Figure 3 illustrates the results2f@@3. The predicted probability of

response rises from about 0.5 at low levels of g&8i#ts to around 0.8 at high levels.

Table 6 here

Figure 3 here

In 2000, the coefficient for male is significanttlh¢ 1% level and indicates an
increase in the probability of response, holdifgeofactors constant, of about 4
percentage points (evaluating at the mean prolbabiliresponse), as in the bivariate
analysis in Table 4. The probability is about 8cpatage points higher for pupils in
schools in the West Midlands. Neither variable &agnificant impact in 2003 (we
do not include the region dummy in this case). \Ige axclude from the models two
other variables that were insignificant, schooktygtate or private school) and,
notably, a dummy variable for receipt of Free S¢ieals. Controlling for KS4
exam scores, we cannot reject the hypothesis khidren from low income families
have the same probability of responding as othidreim. The difference in Table 4
merely reflected the association of low income Watlv academic achievement.

The models in Table 6 do not allow explicitly faheol effects. Schools
organise the PISA testing of pupils and they mag@nt the survey to their pupils in
different ways that affect pupil response. Or thaey be peer effects in pupil
response. In either case the response probabilityavy by school, holding constant
individual characteristics. We experimented witkliad a set of school dummies to
the model to pick up such effects. These improhediiodels’ goodness of fit
significantly (with p-values of likelihood ratiogts well below 0.001). However, the
KS4 coefficients changed little and when we usedehextended models to revise the
propensity score weights described in the nexi@gdhe impact on our estimates of
bias changed very little. We therefore proceeddt thie models reported in Table 6.
We also considered the alternative of a model irclvthe school effects are treated
as random (uncorrelated with variables in the mededisadvantage compared to the
fixed effects approach of including a set of scheshohmies). Such a random effects
model would allow testing of whether the impacthe exam scores varies across
schools. However, Skinner and D’Arrigo (2012) shibat basing weights of the type
we construct in Section 4 on a random effects modaelin fact be detrimental in bias

terms.
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4. Construction of new weights

The non-response bias explored in the previousosectlated to the achievement
variables measured in the administrative sourcesrder to assess bias for the PISA
test variables, we now construct non-response wgighich will be applied to the
PISA data for respondents in the following sectMfe construct two alternative sets
of new weights. The first set uses the logistiacesgion models of Table 6 to
construct inverse probability weights, the inves§éhe estimated propensity scores
(Little, 1986). These weights would remove biasreht under the assumptions that
the non-response is MAR given the auxiliary vaeahlthe test and exam scores — see
Section 2) and that the conditional probabilityedponse given the auxiliary
variables is correctly specified by the logisticdab As discussed in Section 2, the
MAR assumption is only expected to hold approxinyatEhe logistic specification is
also an approximation but any misspecificationasexpected to contribute greatly to
estimation error given the use of piecewise-lirteamns for the key auxiliary variables
in the model.

We use the results of model 1 to dateua pupil response adjustment factor,
equal to the inverse of the predicted probabilityesponse. The mean predicted
probabilities of response are 0.760 for non-respatsdand 0.821 for respondents in
2000 and 0.688 and 0.741 in 2003. The rather maliéstence in these mean values
implies that our logistic regression model doescistriminate particularly well
between respondents and non-respondents, viewbd iway. A small number of
2003 respondents (10 only) have predicted proltigsilihat (just) exceed the
maximum for non-respondents, and hence lack ‘comsa@port’ but they are not
enough to be a concern. The minima for the two gsare the same in both years as
are the maxima in 2000.

We then take the OECD weight described earlierraptice its pupil
response adjustment factor, which accounts onlyhi@tevel of response in each
school, with our new factor that takes accountefvariation of pupil response with
cognitive achievement. In this way, the new weiggtvariable retains the adjustment

for design and for the level and pattern of scliesponse in the OECD weight while
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introducing adjustment for the pattern of pupilp@asse. We refer to the resulting
variable as our ‘propensity score weight’ althoitghiso contains other elements. The
new weight does not explicitly adjust for variationthe average level of pupil
response across schools that is unrelated to Vesiaicluded in the logistic
regression models; inclusion of school dummiesierhodels picks this up but, as
noted, results with weights based on this richec#jation were very similar.

Our second set of weights is based on the gesedategression (GREG)
estimator (Kalton and Flores-Cervantes 2003; SamathLundstrom, 2005), as
described in Appendix A. These weights are derivech a linear regression model
fitted to the survey variables of interest with theiliary information as explanatory
variables (see Appendix A, equation (Al)). The l@sy estimator may be interpreted
as using this regression model for prediction. €hgrl number of reasons why the
weighted estimators arising from the use of GRE@kts might be preferred to
those from the first approach. These weights ekhei availability of the auxiliary
information for the entire population and, as aitesdjust for the impact of response
and sampling variability on the achieved sample pasition at both school and pupil
levels. In terms of our analysis of Section 3,dpelication of the weights produce
mean values of auxiliary variables in group (v)tttie equal to those in group (i). The
GREG weights may be expected to produce more gresismates, given that
auxiliary variables enable strong prediction of EH8A measures via linear regression
models. The validity of the bias adjustments fathlsets of weights depends on
(different) modelling assumptions (see AppendioAthe GREG weights), but the
GREG estimator may be expected to be more robukete assumptions when the
predictive power of the auxiliary information is@tg (Kang and Schafer, 2007,
section 2.3). A third set of weights could, in piple, be obtained by combining
propensity score weights with regression estimationhat Sarndal and Lundstrom
(2005) call the ‘two-phase’ GREG estimator. Thisneator would have the ‘double
robustness’ property of consistency when eithetitigar regression model for the
survey variable or the propensity model for respare correctly specified
(Carpenteet al, 2006; Tsiatis, 2006; Kang and Schafer, 2007).HAtee not pursued
this approach, however, since the GREG estimateady has a double robustness
property in terms of conditions (a) and (b) aboné & often found in survey practice
to behave very similarly to the two-phase GREGwestor. See Sarndal and
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Lundstrom (2005, sect. 6.1) for further discussdbadvantages of the GREG
weighted estimator.

We calculate separate GREG weights for each ahtiee PISA measures of
cognitive achievement in maths, science and reading common to calculate just a
single GREG weight in multipurpose surveys but tasstraint seems unnecessary
for our purposes.) Appendix B reports the resulthiee regression models estimated
for the samples of PISA respondents in each of 20@02003. The dependent
variables are the PISA scores. The explanatorylbas are the KS3 test and KS4
exam scores and other auxiliary information. Thelet® explain around 70% of the
variance in the achievement variables. We thertheseesults, as described in Sarndal
and Lundstréom (2005), to construct weights. The etotbr maths and science in
2003 and reading and science in 2000 have the speadication which implies that
the GREG weights for the subjects concerned ardie.

Table 7 gives the correlations between the fotg gleweights at our disposal:
the design weights, the OECD weights, our propgmssibre weights and our GREG
weights for reading. The correlations are far belo@0. For example, in 2003 the
propensity score weight and the GREG weight botte ltarrelations of less than 0.5
with the OECD weight. The correlations betweengtapensity and GREG weights
are also low, especially for 2000, so there isaorde expect that use of the two will
give different results. We investigated whethetietg could have attenuated these
correlations by trimming the weights to betweendr8 3 times the mean weight.
This led to almost no changes with the 2000 caicelanatrix and one or two
decreases with the 2003 values. It appears therdiat there are more fundamental
reasons for the differences between the weights.

Table 7 here

5. Biases in estimates of achievement parametersdea on PISA scores

We now gauge the extent of non-response bias im&ss of achievement
parameters that are based on PISA test scoresdpomdents — of obvious interest for
users of the achievement data in the 2000 and 28@ples. We apply our propensity
score weights or our GREG weights when estimatipgrameter of interest and then

compare the results with those obtained when ubiaglesign weights. We also test
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the use of the OECD weight variable. The accurddi@eimplied estimates of bias
depends on the assumptions underlying the weightietipods, especially MAR,
discussed in the previous section. We comment@mnahbustness of our estimates to
departures from these assumptions at the ends$dation. Table 8 gives results for
the mean and the percentage below a score threstadl emphasised in OECD
reports on the survey — students below level 2lafmed as having ‘inadequate’ or
only ‘limited’ knowledge. Threshold levels weretmwovided by the survey
organisers for science in 2003 or for science ahsian 2000.

Tables 8a and 8b here

Compared to the use of design weights, in botinsyeee application of the
OECD weights slightly reduces the means and pradacamall increase in the
percentage of pupils beneath PISA level 2. Usatbé€eof our propensity score or
GREG weights has a much larger impact in the sdameetbns in 2003. The two sets
of weights produce very similar results. The patisra little different in 2000: use of
either set of weights pushes down the mean relatitiee value obtained with the
design weights and the amount of change is sirtalénat in 2003 in the case of the
propensity score weights. But the change in thenmeenuch larger when using the
GREG weights. This difference between the use ofwa alternative sets of weights
for 2000 can be understood looking at Figure 2 cWishows how KS4 scores change
while moving from the population, group (i), to tresponding sample of pupils,
group (V). The use of the propensity score weightloe expected to correct largely
for the bias introduced by the pattern of pupipasse — the difference between
groups (iv) and (v). But the GREG weights in adutitcorrect for differences between
groups (i) and (iv), which, in contrast to 2003 reveubstantial in 2000 due to the
pattern of school response.

Our estimates of the non-response biases are eHtaysubtracting the
estimates based on our weights from the estimatesdoon the design weights. The
upward bias in the estimates of the mean from théeged sample of respondents is
about 7 to 9 points in 2003. Curiously, the estedattandard errors show that the
estimate of bias is better determined when usiagtbpensity score weights but it is
still significant at the 5% level when using the BRweights. The downward bias for

the percentage below PISA level 2 in 2003 is eggohéo be about 3 percentage
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points for both maths and reading. This reflecti e upward bias for the mean and
the downward bias (not shown) for the standardat®n, which we estimate to be
about 2-3%. The estimated bias in the mean is dh06tof a standard deviation,
which is between one third and two-thirds of tlgufes estimated for the means of
auxiliary variables discussed in Section 3.

The estimates of the extent of the biases for 208ot dissimilar on the
basis of the propensity score weights but theysabstantially larger with GREG
weights, especially for the mean. We estimate Biasbetween 4 to 15 points for the
mean and 2 to 4 points for the percentage below Rigel 2 in reading. The figures
for biases in the mean are not that well determimieein using the propensity score
weights — the p-values vary from about 0.07 to 6-@&d this contrasts with the
figures for 2003, but are more precise with the GRieights. The estimated biases
for the percentage below PISA level 2 are well deieed, as with our estimates for
2003.

Finally, comparison of the results for design wésgind the OECD weights
show that the latter do little to correct for thades we have identified. This reflects
the lack of adjustment in the OECD weights for plagtern of pupil response, which
we have emphasized to be the principal sourceasf. bi

By definition, we have no measure of PISA scoredie non-respondents or
for those pupils and schools not sampled for timeesu Therefore we cannot compare
parameter estimates obtained from weighting thepgawof respondents in different
ways with figures for all sampled units or for tikole population. In this sense, we
are still uncertain about the capacity of our wesgb reduce the non-response biases
and the robustness of this adjustment method tarteps from the underlying MAR
assumption. We therefore investigate this issuberfollowing way: we assume that
the achievement measure of interest is the KS#pgotats score and act as if it were
only observable for respondent pupils in PISA. Waila construct two sets of non-
response weights, based on propensity scores ar@dREG estimator, once more
using auxiliary information on cognitive achieverh&om the national registers.
However, this time we do not include the KS4 s@s@n explanatory variable in the
modelling — the only measure of cognitive achievethused as a predictor is the KS3
points score. We then compare estimates of mearait&tment obtained from PISA
respondents when using these two sets of weigltstiae figures shown in Table 4

for sampled pupils and for the whole populatiorreugs (iv) and (i). This exercise is
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described in Appendix C. Broadly speaking, thegratts similar to that in Tables 8a
and 8b. The weights based on the GREG estimaté@wrpem a similar way to the
propensity score weights in 2003 but do a consilgfzetter job in reducing the non-
response bias in 2000. The finding that the bia®igemoved entirely may be
attributed to a departure from the underlying MAgRuwmption. The halving of the
bias by the GREG weights provides a measure afi¢igeee of robustness of this

adjustment method to this departure.

6. Discussion of Biases

How large are the biases we have estimated? On@fyaglging this is to consider
the contribution of bias to ‘total survey error’hiwh combines sampling and non-
sampling errors in the estimate of a parameters iEhtonventionally measured by
mean squared error (MSE) defined as the squateediias plus the square of the
standard error. Biases can arise for various resalsonhwe restrict attention to the
pupil non-response biases that we have been abiitoate. The quadratic terms in
the formula for MSE implies that as bias rises abitnve standard error, it will quickly
come to dominate. Where the bias is less thantémelard error, most of MSE will be
due to sampling variation.

Our estimates of the biases are considerablyrdnga the estimated standard
errors of the parameters concerned. In the cade@uxiliary variable means, the
estimated biases shown in Table 4 produced by pegplonse, the main source of
bias in 2003, represents over 90% of MSE. Likewis¢he case of the PISA test
scores, estimated bias of 7 to 9 points in the nneay be compared with estimates
for the standard error of the mean of about 2 poiats. Again, bias dominates MSE.
We estimate bias in the standard deviations of2points (not shown in Tables 8a
and 8b) compared with estimates for the standaaiseof the standard deviations of
1% to 2 points. (The standard errors for 2003 @kert from an Excel file of results
for England available on the OECD PISA websiteuifes for 2000 are given in Gill
et al 2002.)

Viewed in this way, relative to the impact of samglvariation, the estimated
biases are, in general, large. This is not uncomimdarge surveys: the larger the
survey sample the smaller the standard error andehigias comes to dominate.

However, in sub-samples, e.g. children from paldicsocio-economic backgrounds
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or types of schools in the case of PISA, sampliagation may come to be more
important since, other things equal, standard smise as sample size falls, while bias
could rise, fall or stay the same. We suspectttiePISA Consortium’s decision to
exclude the UK from OECD reports on the 2003 dada driven by this view of the
likely contribution of bias to total survey err@ommenting on the minimum
thresholds set for acceptable levels of respowsexample 80% for pupils, it was

noted:

‘In the case of countries meeting these standérdss likely that any bias
resulting from non-response would be negligible, smaller than the
sampling error’ (OECD 2004: 325).

However, as we have seen, in practice bias camestiéed sampling error when the
threshold is met. Pupil response in England in 20@0the required level but the
biases we have estimated for this year are notisurgly about as large as those in
2003 when response was only a little lower, anchdager in the case of the mean
when we use the GREG weights. The situation in &mjinakes one wonder about
the extent of biases in countries with responssrabt far above the threshold.
Australia, Austria, Canada, Ireland, Poland anduBeall had pupil response rates of
between 82 and 84% in 2003 (OECD 2004: 327).

Another way to consider the size of the biasés check their impact on the
picture shown by PISA of differences in achieventsaitveen countries. We
calculated how many places England would move'‘league table’ of 2003 rankings
of countries by their mean scores if the Englislansefor reading, maths and science
were adjusted downwards by the estimated bias@®7points. (We consider all
countries participating in the survey in that yéac|uding those not in the OECD,
and ignore any adjustments for non-response bastuld be undertaken for other
countries.) England shifts by 3 places for math®r&cience, and none for reading.
Likewise, for the percentage of pupils below PI&gdl 2, England would move by 3
places for both maths and reading. Viewed in ttag,whe effect of the biases appears

more modest.

7. Conclusions
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We have investigated non-response biases in twadsoaf PISA in England: in 2000,
when response rates were deemed high enough fobQ@& @ublish the results, and
in 2003, when response rates were a little lowdrdeemed of sufficient concern for
the results not to be published. We have found @ei@ence of biases, but there is no
indication that the slightly higher response rate2000 were associated with higher
data quality. Indeed there is some evidence tleafahsolute) biases in the mean
achievement scores are greater in 2000 than 2008 ufiderlines the danger of using
response rate thresholds as a guide to data queityiscussed in a broader context
by Groves (2006) and Groves and Peytcheva (200&) higher response rates in
PISA in England in 2006 and 2009 are encouragingshould not be treated as
definitive evidence of higher data quality.

We have considered a number of alternative weightiethods to adjust for
non-response bias when estimating the distribudfatifferent measures of
achievement. We have found that very little of biees is removed by weighting
methods, such as those provided by OECD, which alfdyv for differences in
(school or pupil level) sampling probabilities, fwhool-level non-response or for
differences in overall pupil response rates wigtghools. The most important source
of bias seems to be associated with within-schisfdrénces in response by different
kinds of pupils. We have shown how to adjust fartshias using auxiliary data on
the results of national tests of achievement, wiichvailable at the population level
and is linked to the pupil-level survey data. Tdguatment benefits from the strong
correlations between the survey achievement mesasmekthe auxiliary tests. The
strength of these correlations is emphasized butéret al. (2010) as a key criterion
for effective bias adjustment in a broader survaytext. We find that the sizes of the
bias-adjustments can be considerably larger thaestimated standard errors of the
parameters concerned, as discussed in the presgotisn. Our preferred weighting
approach employs the generalized regression (GRE@)ator. Our analysis using
an administrative variable as the outcome (wheheegafor non-respondents are
known) indicates that both propensity score and GREeighting reduce bias, but
that the latter is most effective. Moreover, theE&ERweighting demonstrates
considerable gains in precision compared to theratleighting methods. These
benefits might not, of course, arise in other aggtions where correlations between

the survey outcomes and the auxiliary variabledaaver.
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Appendix A: Generalized Regression (GREG) Weightig

Bethlehemet al (2011, sect. 8.3) introduce the method of GRE@eng. This
appendix provides an outline. The method may bd tsadjust for non-response

when alx p vector of auxiliary variables; is recorded for each respondent
(i=1,...n) and the corresponding vect¥r of population means of these variables is
also available. The generalized regression (GRE&w for thei" respondent is
given byw = dX(X'DX )7x;, where d, denotes the design (sampling) weight for
thei" respondentX is thenx pmatrix with i row x, ,D is annx n diagonal
matrix with entriesd, on the diagonal andl denotes transpose (and it is assumed that
X, includes an intercept term) . Stacking the weightts annx1 vector
w =(w,...,w ) and writing y, as the value of a generic survey variable forithe
respondent andy =(y,,...,y, ) , the GREG estimator of the population mearyofs
given by Veee =W'Y . It may be expressed alternatively as

Voreo = XB, (A1)
wherep = (X'DX)™X Dy is the design-weighed least squares estimatghéor
linear regression of;, on x; (e.g. Fuller, 2009, sect. 5.1.2). Thig. is obtained
by plugging the population means of the variabtes, iinto the predicted linear
regression ofy. on x; estimated from the respondent data. Note, howévat the
GREG weightw does not depend oy . The term ‘generalized’ is used to reflect the

use of design weights, generalizing the standagression estimator used in survey
sampling (Kalton and Flores-Cervantes, 2003; Saruu Lundstréom, 2005).
Sometimes the term ‘generalized’ is dropped, euleF(2009, sect. 5.1.2). The
GREG estimator will be approximately unbiased ureddrer of two conditions (a)

that a linear regression model holds, so that tbdahexpectation oy, is given by
E..(y,) =x,B, and where nonresponse is MAR givenso thatﬁ is approximately

unbiased for3 or (b) the reciprocals of the true response prititiab may be

expressed as a linear combination of the auxikarnables (Fuller, 2009, section
5.1.2 ; Sarndal and Lundstrém,2005, section 9.6hdiion (b) is illustrated through

example in Chapter 10 of Sarndal and Lundstrom3200t we are not able to verify
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it for our application. As discussed by Sarndal baddstrém (2005, section 9.5) and
Bethlehemet al (2011, sect. 8.3), a key criterion for the biathe GREG estimator
under non-response to be small is that the predigtower of the linear regression is
strong.
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Appendix B: Regression models underlying the GREG ®ights

Table B.1 reports least squares estimates of tbiicents of the linear regression
models described in Section 4, estimated with #megde of respondents. The
explanatory variables were chosen using forwarelcsien. In general this gave the

same result as backward selection.

Table B.1: Linear regression model coefficientsR¢8A scores.

2003 2000
reading maths  science reading maths science
Male -13.31 22.19 19.68 -10.03 25.15 13.96
(1.69) (1.67) (1.86) (1.68) (1.99) (2.16)
KS3 average score 6.28 7.51 7.47 6.09 5.57 5.80
(0.24) (0.23) (0.26) (0.25) (0.30) (0.32)
KS3 missing 16.68 20.15 16.03 17.55 21.74
(4.63) (4.55) (5.07) (4.79) (5.99)
KS4 5+ good grades 7.39
(dummy) (2.87)
KS4 nos. of good grades 1.58 2.13 -1.90
(0.58) (0.65) (0.70)

KS4 average points score 12.96 12.65 13.84 10.69 .6816 7.33
(2.06) (2.06) (2.29) (2.40) (2.36) (2.96)

KS4 capped points score  1.44 0.79 1.31 1.10 1.50
(best 8 subjects) (0.32) (0.32)  (0.36)  (0.41) (0.52)
KS4 total points score -0.44 -0.34 -0.61 0.85 1.32 0.67

(0.17) (0.20)  (0.23)  (0.24) (0.20)  (0.31)
Free School Meals (FSM) 24.30

variable missing (5.15)
Proportion of pupils with -40.03 -54.43  -67.09
FSM in the school (7.09) (8.54) (9.09)
Private school 29.77 27.11 19.44 26.69 16.09
(5.08) (5.66) (5.14) (4.50) (6.33)
Constant 192.52 151.04 150.01 196.42 208.26 216.65
(5.88) (6.15) (6.85) (6.20) (8.38) (7.98)
Observations 3,641 3,641 3,641 3,923 2,181 2,177
R-squared 0.68 0.70 0.68 0.71 0.72 0.71

Note: Estimated standard errors in parenthesesdépendent variables are the
averages of the five ‘plausible values’ for achieeat in each subject that are
provided by the PISA organizers for each individUddese are random draws from an
estimated ability distribution for individuals wigimilar test answers and
backgrounds. The sample sizes are lower for mattisaence in 2000 as tests in
these subjects were conducted for a sub-set ofspingtihis year.
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Appendix C: Weighting for non-response when it is ssumed KS4 scores are
observed for responding pupils only

We first re-estimate: (i) our logistic regressiondsl of pupil response without using
the KS4 total points score variable as a regre¢spour linear regression model of
scores for respondents using the KS4 total pooteesas the dependent variable
rather than as a regressor. We use simple spefisaFor the logistic regression
model, we now include KS3 points as a regressaa (jnadratic specification), a
variable that we found to be insignificant in thedels in Table 5, when KS4 points
variables were included, and which we had theredatuded from the specification
of those models. We also include a dummy for algaging in a private school which
had also been excluded in the earlier model fos#mee reason. Results are given in
Table C.1. KS3 points have a non-linear impacth@résponse probabilities in both
2000 and 2003 (the parameters being better detedmmn2000) with turning points
towards the top of the sample KS3 range (around®igercentile in 2000 and at the
maximum value in 2003). The KS3 parameter estinsatery well-determined in the
linear regression models in both years and the gesxiof fit in the models is not
much less than in the models for PISA scores redart Appendix B.

We then use the results of the new models to lmtede propensity score and
GREG weights. The propensity score weights agaiarporate the OECD weights in
the way described in Section 4. We apply the nevwghie to the sample of PISA
respondents and estimate mean KS4 total pointe.s€he results are shown in Table
C.2. In neither year do use of the OECD weightslpce an estimate that differs
much from the figure obtained using just the deswgights. In 2003, the propensity
score and the GREG weights perform in a reasorstvijar way to each other. The
GREG weights move the estimate of the mean to dialfitvay between the value
obtained with the design weights (45.84) and thaufadion value (42.86) — they
remove about half the bias — while the propensityes weights have slightly less
effect. In 2000, the GREG weights again remove tbali the bias, judged in this
way, but the propensity score weights perform Veslé. Use of the GREG weights in
2000 brings the estimate of the mean down belowabtined using all sampled
pupils and the design weights (42.89 compared 7 3This pattern of results again
leads us to favour the GREG weighting method, wiiethave noted to have the

more attractive properties.
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Table C.1: Logistic regression models of pupil cesge and linear regression models
of KS4 total points — parameter estimates

2000 2003
logistic linear logistic linear
regression regression regression regression
(pupil  (KS4 points) (pupil  (KS4 points)
response) response)
KS3 points (pts) 0.291 2.206 0.120 2.315
(0.055) (0.065) (0.042) (0.031)
KS3 pts squared/100 -0.381 -0.114
(0.080) (0.062)
Male 0.184 -3.539 -3.647
(0.087) (0.673) (0.372)
Pupil receives FSM -2.951
(0.637)
Private school 0.291 17.411 0.363 8.582
(0.188) (4.089) (0.168) (0.821)
West Midlands 0.468
(0.167)
Constant -4.046 -29.286 -1.760 -33.110
(0.934) (2.225) (0.686) (1.139)
Observations 4,846 3,923 5,015 3,641
R-squared 0.65 0.64

Note: Standard errors are given in parenthesesuanestimated allowing for the
clustering of pupils within schools. The KS3 vatels the KS3 average point score
and the mean value is imputed for pupils with nmgsialues (largely private school
pupils). The KS4 points variable used as the outcwariable in the linear regressions
is the total points score.

Table C.2: Estimates of mean KS4 total points udiffgrent weights

2000 2003
mean s.e. mean s.e.

Responding pupils (group v)

Design 4484  0.765 45.84 0.713

OECD 44.66 0.819 45.69 0.760

Propensity score 4435 0.918 44,71 0.783

GREG 42.89 0.391 44.43 0.416
Sampled pupils (group iv)

Design 43.47 0.788 43.57 0.691
Population (group i) 41.10 42.86

Note: the values of the mean for sampled pupilsugiv) and for the population
(group i) are the same as those in Table 4.
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Table 1: Response rates in PISA at school and stuatdevels in 2000 and 2003
(%)

England OECD average

2000 2003 2000 2003

School ‘before replacement’ 59 64 86 90

School ‘after replacement’ 82 77 92 95
Pupil 81 77 90 90

Source: Response rates for OECD countries from ORDD1: 235) and OECD

(2004: 327); figures in the table are simple avesagf the country values (including
the UK); response rates for England from @&tlal (2002) and DfES (2005).
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Table 2: Correlations between achievement measurésased on PISA test scores
and on auxiliary information

a) 2000
KS3 KS4 PISA PISA PISA
avg. pts. tot. pts. reading maths science
KS3 average points 1.00
KS4 total points 0.83 1.00
PISA reading 0.82 0.80 1.00
PISA maths 0.82 0.78 0.91 1.00
PISA science 0.82 0.78 0.94 0.93 1.00
b) 2003
KS3 KS4 PISA PISA PISA
avg. pts. tot. pts. reading maths science
KS3 average points 1.00
KS4 total points 0.82 1.00
PISA reading 0.80 0.74 1.00
PISA maths 0.82 0.72 0.90 1.00
PISA science 0.81 0.72 0.93 0.94 1.00

Notes: Correlations are computed for unweighted.d&63 scores are missing for
11% of the PISA respondents in 2000 and 8% in 2@0&;h is largely explained by
the KS3 tests not being taken in most private sishdde PISA points scores are
averages of the five ‘plausible values’ estimatedhe survey organizers for each
individual. These are random draws from an estichat®lity distribution for
individuals with similar test answers and backggin
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Table 3: Outcome of linking the PISA sample to natinal registers

2000 2003
original  linked % original linked %
number number loss number number loss
Approached schools 306 302 1.3 276 273 1.1
Responding schools 155 152 1.9 159 157 1.3
Non-responding schools 151 150 0.7 117 116 0.8
Sampled pupils 5,164 4,846 6.2 5213 5,015 3.8
Responding pupils 4,120 3,923 4.8 3,766 3,641 3.3
Non-responding pupils 1,044 923 11.6 1,447 1,374 5.0

Notes: There are 122 non-responding schools idakee file we received for 2003.
However, five of these are special schools. Unlderissumption that they were
wrongly approached, we exclude those schools fromanalysis. The sampled pupils
in the table exclude pupils ‘statemented’ with S&iidl pupils in schools with pupil
response below 25%, which are treated in PISA asregponding schools.
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Table 4: Estimates of characteristics of pupils usig auxiliary information

Popl. Sampl. Respnd. Sampl. Respnd.
schools schools  pupils pupils
(i) (i) (iii) (iv) (V)
2003
Male (%) 50.02 49.28 47.48 46.31 46.31
Free School Meals (%) 13.78 12.54 11.89 11.23 10.27
means
KS3 average points 34.16 34.32 34.18 34.26 34.78
KS4 total points 42.86 43.00 42.55 43.57 45.84
standard deviations
KS3 average points 6.62 6.63 6.49 6.44 6.29
KS4 total points 21.09 20.74 20.65 19.71 18.51
thresholds
KS4 5+ good grades (%) 55.79 56.10 55.19 56.45 61.07
< popl. bottom decile KS4 pts. (%) 10.2 9.7 9.7 7.1 4.2
2000
Male (%) 50.35 50.15 49.50 49.01 49.77
means
KS3 average points 32.96 32.80 33.30 33.53 33.83
KS4 total points 41.10 41.16 42.46 43.47 44.84
standard deviations
KS3 average points 6.54 6.46 6.41 6.21 6.03
KS4 total points 19.04 19.01 18.90 18.46 17.34
thresholds
KS4 5+ good grades (%) 52.10 52.40 54.70 57.02 59.77
< popl. bottom decile KS4 pts. (%) 10.3 104 8.9 7.2 4.6

Note: School design weights are applied for grdupand (iii) and pupil design

weights are applied for groups (iv) and (v). KS&poare missing for 8.6% of the
population in both years and for 7.8% of samplegilpun 2000 and 5.7% in 2003.
They are typically missing for pupils in privatensols.
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Table 5: Differences in characteristics between sagpfes of responding and non-
responding pupils

Respondent: Difference |

Variable Yes No (Yes-No) PValue

2003
Male (%) 46.31 46.33 -0.02 0.99
Free School Meals (%) 10.27 13.73 -3.46 0.00
KS3 average points (mean) 34.78 32.88 1.90 0.00
KS4 total points (mean) 45.84 37.55 8.29 0.00
KS4 5+ good grades (%) 61.07 44.20 16.87 0.00
% below bottom decile KS4 points 4.18 14.84 -10.67 0.00
KS3 average points (SD) 6.29 6.63 -0.33 0.02
KS4 total points (SD) 1851 21.46 -2.95 0.00

2000
Male (%) 49.77 45.79 3.99 0.07
KS3 average points (mean) 33.83 32.23 1.60 0.00
KS4 total points (mean) 44.84 37.66 7.17 0.00
KS4 5+ good grades (%) 59.77 45.33 14.44 0.00
% below bottom decile KS4 points 4.63 18.20 -13.57 0.00
KS3 average points (SD) 6.03 6.78 -0.75 0.00
KS4 total points (SD) 17.34 21.69 -4.36 0.00

Note: Design weights are applied. The clusterinthensurvey design is taken into
account when estimating standard errors. In 208@tare 3,641 respondents and
1,374 non-respondents (3,442 and 1,302 for Freedbéheals and 3,423 and 1,304
for the KS3 measure). In 2000, these figures @23and 923 and, for the KS3
measure, 3,613 and 853 (we do not have informatmimdividual Free School Meals
receipt for this year).
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Table 6: Logistic regression models of pupil respae — parameter estimates

2000 2003
Model 1 Model 2 Model 1 Model 2
KS4 points (0 to 20) 0.104 0.065
(0.012) (0.010)
KS4 points (20 to 60) 0.016
(0.004)
KS4 points (60+) -0.030
(0.011)
KS4 points (20 to 50) 0.026
(0.004)
KS4 points (50 to 80) -0.007
(0.005)
KS4 points (80+) 0.054
(0.034)
KS4 points 0.087 0.060
(0.008) (0.006)
KS4 points squared/100 -0.081 -0.047
(0.010) (0.007)
Male 0.270 0.268 0.120 0.125
(0.090) (0.090) (0.076) (0.076)
West Midlands 0.474 0.466
(0.164) (0.162)
Constant -0.965 -0.637 -0.747 -0.591

(0.210)  (0.170)  (0.158)  (0.122)

Observations 4.846 4,846 5,015 5,015

Notes: The mean of the dependent variable is G&12000 and 0.726 for 2003.
Standard errors are given in brackets and are astdrallowing for clustering of
pupils within schools. The first six variables refe piece-wise linear splines of KS4
points.
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Table 7: Correlation of weights: respondents in 20® and 2000

Design OECD Prop.score GREG

2003

Design 1.00

OECD 0.61 1.00

Propensity score 0.39 0.43 1.00

GREG (reading) 0.49 0.32 0.67 1.00
2000

Design 1.00

OECD 0.50 1.00

Propensity score 0.84 0.56 1.00

GREG (reading) 0.17 0.19 0.40 1.00
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Table 8a: Estimates of characteristics of distribubn of PISA test scores using

different weights, 2003

Weight Maths s.e. Reading s.e. Science s.e.
Mean
Design 507.8 3.89 507.3 3.90 520.2 4.10
OECD 506.8 4.14 506.1 4.14 519.0 4.40
Propensity score 501.0 4.39 500.1 4.43 512.8 4.64
GREG 500.4 1.61 498.1 1.65 511.6 1.74
% < PISA level 2
Design 17.75 1.14 14.65 0.99 n.a. n.a.
OECD 18.24 1.22 15.16 1.06 n.a. n.a.
Propensity 20.89 1.34 17.46 1.19 n.a. n.a.
GREG 20.70 0.77 17.70 0.71 n.a. n.a.
Differences between means
Design — P-score 6.8 091 7.2 0.91 7.4 0.96
Design — GREG 7.4 3.32 9.2 3.24 8.6 3.50
Differences between % < level 2
Design — P-score -3.14 0.34 -2.81 0.31 n.a. n.a.
Design — GREG -2.95 0.85 -3.05 0.69 n.a. n.a.

Notes: Estimates of standard errors of the mearttendercentage below PISA level
2 are calculated separately for each ‘plausiblae/ataking into account clustering of
pupils within schools, and then averaged. (Plaasiblues are defined in the note to

Table 2.) Standard error estimates for GREG weiglddased on regression
residuals (Bethlehert al, 2011, sect. 8.3) and treat the weights as fived f
propensity score and other weights. For the diffees between estimates of the

percentages below PISA level 2, the standard eamerestimated by using a single

figure for the percentage calculated using the nodédne five plausible values for

each pupil and the mean of the thresholds supplyetie survey organizers for each

plausible value. Threshold levels were not providgdhe survey organisers for

science in 2003.
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Table 8b: Estimates of characteristics of distribuibn of PISA test scores using

different weights, 2000

Weight Maths s.e. Reading s.e. Science s.e.
Mean
Design 531.3 4.02 525.7 4.18 535.8 4.37
OECD 531.0 4.41 525.0 4.70 535.3 4.84
Propensity score 527.2 5.20 520.9 551 531.0 5.37
GREG 516.8 1.59 510.5 1.59 521.3 1.76
% < PISA level 2
Design na. n.a. 1195 0.91 n.a. n.a.
OECD n.a. n.a. 12.43 1.06 n.a. n.a.
Propensity n.a. n.a. 14.18 1.23 n.a. n.a.
GREG n.a. n.a. 15.68 0.72 n.a. n.a.
Differences between means
Design — P-score 4.1 2.22 4.8 2.45 4.8 2.02
Design — GREG 145 3.83 15.2 3.88 14.5 4.01
Differences between % < level 2
Design — P-score n.a. n.a. -2.23 0.49 n.a. n.a.
Design — GREG n.a. n.a. -3.73 0.71 n.a. n.a.

Notes: See Table 8a. Threshold levels were notiged\vby the survey organisers for

maths or science in 2000.
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Figure 1: PISA maths score and KS4 total points sce: responding pupils, 2003

PISA maths scc
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Note: the sample used is responding pupils for whariliary information could be
linked — see Table 3. The PISA maths points stled average of the five ‘plausible
values’ estimated by the survey organizers for éadividual (see the note to Table

2).
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Figure 2: Mean and standard deviation of KS4 totapoint score
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Note: School design weights are used for groupsuid (iii) and pupil design weights
for groups (iv) and (v). The groups are definedable 4 and in the text.
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Figure 3: Predicted probability of pupil response ly KS4 point score, 2003
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Note: The graph shows the predicted probabilityesponse for a boy for KS4 points
scores between thd'&nd 98' percentiles of the sample based on the mode20@3
in Table 6.
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