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1. Introduction

There has long been an interest in the effect pli@il's peers upon their outcomes.
Britain, like all nations, has geographic areasradative deprivation and affluence.
Access to schools by catchment areas (residemtetibn), academic selection or
parental choice mechanisms all result in largeatiams in the pupil mix within schools
(see Burgess et al. 2004). Whether the sortindnibdiren in these ways have an impact
on a child’'s outcomes is thus a key and longstangholicy concern. If there is a
significant effect of a more able peer group, tis¢natification of pupils into ability
based teaching groups may lead to a polarisatiothefpopulation, with more able
students only helping the similarly able. Howeubere is a standard problem when
comparing pupil attainment across schools accorthnidpe school mix. Schools with
intakes with low measured ability on average delyito be attracting pupils that have
unmeasured adverse characteristics influencing tlutiire achievement prospects.
These pupils may achieve less in the future, eweengheir initial measured ability,
for reasons relating to their home or school chargstics rather than the mix of pupils
within the classroom. The correlation of the unmead attributes with both the
outcome measure and the peer group indicator sesulin omitted variable bias that

likely overstates the influence of the peer group.

Isolating the influence of the peer group from werwed heterogeneity is not
straightforward, but there has been a rapid groimtrstudies attempting this by
econometric techniques and experimental policygiessuch as Lefgren (2004b) and
others. In the UK there have been no true experiahestudies capable of addressing
this issue. However, there have been a small toutigg number of studies addressing

this issue using other techniques, such as Gibaodd elhaj (2006)

We use data from key stage 3 (KS3), examined atldgend GCSE, examined at age
16'. The GCSE qualification has two or three levdlglifficulty of examination, or
tiers, that pupils can be entered for within eachjext. This encourages schools to
group students into sets by ability for these exatmons. Within each individual

examination tier, however, there is much greateatian in setting ranging from strict

! The structure of the English school system iswgised in more detail in the data section.



ordering to apparent random allocation. We use muen dataset for Englafd
containing data on the sets in which pupils arghaat ages 15 and 16, giving us data
on the peer group that the students directly eeped. We estimate the effect of a
more able peer group using a sample of schools avitfedibly random distribution of
pupils, and utilise an instrumental variables tégh@ developed in Lefgren (2004b),
and using these methods, we find significant and nwial positive effects of a more
able peer group, which are smaller than the orgliteast squares estimates. Section 2
summarises the recent literature. Section 3 dss=ugdentification issues. Section 4
examines the data. Section 5 discusses the reSadtsion 6 offers some concluding

discussion.

2. Literature

The literature looking at peer group effects iggi@tanding. Perhaps the most important
was the Coleman Report (Coleman et al (1966)), vhaigues that the “Attributes of
other students account for far more variation ie #thievement of minority group
children than do any attributes of school facifitend slightly more than do attributes
of staff” Coleman et al (1966, page 86). More rédéerature in this vein shows
substantial correlations between a child’s outcoaras$ that of their peers. Jencks and
Mayer (1990) point out that pupils are more likedydrop out of school if their peers
are of lower socioeconomic status. Mayer (1991) atestrates that pupils at a school
with peers having a higher socioeconomic statudem® likely to drop out of school
between the tenth and twelfth grades, whilst wpiipils attending schools with mainly
black or Hispanic peers are also more likely tgpdoat of school early. However, this
literature makes little attempt to isolate the pgeyup effect from school or teacher

effectiveness or from biases from unobserved mtpibutes.

Some caution therefore needs to be applied whewimyaconclusions from these
studies. It is probable that the peer measure nielebed with the error term in the
regression. This correlation could come from thet that selection into schools and
allocation of teachers to classes and the allocatib pupils to classes are most
definitely not random, and are in fact assignedebasipon ability and other
(unobserved) characteristics. Similarly, as disedssn Manski (1993) these effects

2 Data collected to examine the effects of the ohiidion of performance related pay. See Atkingoal e
(2004)



may simply be due to pupils experiencing the sameeimstances that could similarly
affect all of their outcomes. This could be in foem of a particularly good (or bad)
classroom teacher, or some other common shockeTdtexcks are often unobservable,
and so cannot be directly controlled for. Thus,weeild expect the ability of a pupil in
a classroom environment to be implicitly correlateith that of their peers. Within
neighbourhoods, we may expect to see people liviith similar characteristics.
People may move into an area because of the pedplelive there, and similarly,
richer parents may be able to buy housing in angtiisbetter schools and better ability

pupils.

There is now a small but rapidly growing body dedature that uses a variety of
solutions to address this problem, but to date litesature is mainly US based. A
number of studies look at randomly allocated accoduation within higher education
in the US. Sacerdote (2001) uses the fact thaestscare randomly assigned a dorm-
mate upon arrival at Dartmouth College and find {eers have an effect on grade
point average. This same argument is used by Zimaer(2003) and Winston and
Zimmerman (2004), both of which find no credibldeet on the top of the SAT
distribution, but instead find evidence of a negateffect on mid-ability students
grouped with students in the bottom 15% of the ShGtribution. Stinebrickner and
Stinebrickner (2006) use this method with data frbret year students at Berea
College, and find significant effects on femaledstnts’ results from their roommate’s

high school grade point average and their famitpme.

More relevant for our purposes are studies lookihgchool age children. Angrist and
Lang (2004) use results from the METCO program ostBn, which sends mostly
black students out of Boston’s public schools ittie more affluent suburbs. They
assess the impact of the low reading score ofrimsferred students on the students in
the receiving districts. They suggest that theedéhces in peer groups this generates
show small negative localised effects on ethnicamin pupils in the host districts.
Hoxby (2000) exploits the variation in gender aadial mix within schools across time
suggesting that “a credible [positive] exogenousnge in [school] peers’ reading
scores raises a students own score between 0.15.4padints” (Hoxby (2000), 2). The
effects she identifies are thus quite substanffabud (2008) uses a similar strategy to

Hoxby, and shows a change in the gender make tipegbeer group does not make a



good proxy for ability, and instead considers thmepprtion of girls to affect other
aspects such as behaviour and teacher-pupil itii@mac Lavy and Schlosser (2007)
demonstrate that a higher number of female peadsl&é higher academic outcomes,
but they argue that this is not due to an increadée ability of the peer group, but
rather due to behaviour within the classroom duthéocompositional make-up of the

school.

Yet these studies are based on school intake warsatwhereas the majority of peer
effects are more likely to be motivated in the stasm. The probable non-random
assignment of pupils and/or teachers to classegoommon patterns of attainment
development within a class other than from the ggeup means that biases may
remain. To address these issues Hanushek et 8)(286 lagged student attainment to
net out individual fixed effects which, along wihhool and school-grade fixed effects,
could account for the systematic but unobservefiréifices in students and schools.
They also deal with any common production of addgde in the school grade (other
than peer effects) by using lagged peer attainmimgir results suggest that, having
controlled for school characteristics in a valueled model, there are no mean peer
attainment effects but there are adverse effeots tnaving more poor children in the
class or less homogeneity of ability within a clddewever, introducing student fixed
effects, school fixed effects and school-grade divedfects produces a consistent
pattern, that a greater proportion of poorer ckiidis not detrimental and actually
weakly positive. Betts and Zau (2004) also useesitudixed effects are draw similar
conclusions. There remain concerns though thatrandem allocation of pupils to
classes within schools will also be correlated witn-random allocation of teaching
resources including teacher quality to classes.sTthere is the danger that teacher

ability is correlated with mean prior attainmentpefers in the class.

Burke and Sass (2006) go one step further introgduigacher fixed effects, in addition
to school fixed effects, into value added modelskiog at peer effects in Florida
middle schools. The broad pattern of results is plgitive peer effects disappear once
a value added model is adopted, with school ancherafixed effects making little
further difference. Lefgren (2004b) uses an instrotal variables estimation technique
in order to remove the correlation with the erremi. As an instrument he uses the

variation in class setting policies in Chicago setary schools. He argues this decision



is school level and unrelated to pupil charactesgsafter inclusion of school fixed
effects, but does alter the pupil composition @ssks. This is measured by the R-
squared obtained by regressing the pupils’ reagtanst a set of class dummies. This
results in smaller, but still significant, effectean non-1V estimates. Clark (2003) also
uses an instrumental variable estimation technigo&ing for the effect of being
placed with older pupils in a middle school envir@nt rather than a primary school
followed by a secondary school. He uses a binamgyrdy based on whether they attend
a middle school as an instrument for peer behawamr finds significant peer effects

on behaviour.

Robertson and Symons (2003) use UK data to estianpteduction function using peer
group, parental input and schooling as its inpdisey examine the effect of streaming
on children’s outcomes, and show that childrengalaa the top stream within a school

benefit, whilst children placed in the bottom stnesuffer.

Further studies look at variations in peer groupat$ across population sub-sets. On
effects of different levels of ability, Summers aneblfe (1977) find that low achieving
pupils benefited from being in a school with higthi@vers whereas the high ability
pupils are not significantly affected. This positieffect to the lower ability pupils is
backed up by Dills (2005) who consider the intrdduc of a magnet school into a
school district that cream off the best studentsnfithe schools, and found that the
lower ability pupils’ performances are lowered éoling the removal of the high
ability pupils. Similarly, Henderson et al (1978)osv that a mixing of weak and strong
students will benefit the overall student populatibut at the cost of lowering the
outcomes for the higher achievers. Similar resarésalso found by Bradley and Taylor
(2007), who use pupils moving between schools tires$ the problems inherent with
estimating peer effects, and find the effects ofiae able peer group are stronger for
low ability students than for higher ability stud&nHowever, Betts and Shkolnik
(2000) find little evidence of differential effectd ability grouping for high or low
ability pupils. Further to this, Gibbons and T¢I{2006) examine pupil attainment at
age 14 in England, and find that whilst middle dmgh ability pupils have the same
response to an improvement in the ability of therggoup, the lowest ability pupils do

not seem to gain much, if anything.



In summary, the literature shows, on the wholet, bleéng grouped with a higher ability
peer group leads to an increase in outcomes. Henvele effects found in early
studies are likely to have mis-estimated the edfecin this study, we consider the
effects, within classrooms in England, of a morke gdeer group. We use a measure of
grouping within the school, within the tier of exaation entered for at GCSE to
estimate these effects for schools with a credibbypdom grouping strategy.
Furthermore, we validate these results using ththadelogy developed by Lefgren
(2004b).

3. Identification of peer effects

Researchers face substantial problems with hovotrectly identify the peer effects.
This may be due to the non-random allocation ofilpuje schools, and within the
schools into classes and classes to teachers. iksppgers within a school are often
likely to have a similar social background due itaed catchment areas for schools.
That is, housing in the catchment areas of gooddshs likely to be more expensive
due to higher demand and is thus available to riglagents (Gibbons and Machin,
2003). Similarly, fee paying, religious and selegetischools are also likely to have
pupils with similar demographics, whilst also pdially having better facilities and
resources available to them. So it is importantdotrol for these school entry effects
by including school-year or pupil fixed effects. tin the school there is also likely to
be a non-random assignment of peers within clagdes.is especially true for GCSE
classes in the UK as pupils are often assignethses based on previous exam results
as well as potentially ability that is unobservabteresearchers based on teacher’s

assessment

A natural place to start in considering pupil attaent at GCSE level (age 16) is the
general cumulative education production functioveligped by Todd and Wolpin
(2003):

GCSE = A[F;,S; 1), &]

where GCSE is the exam result for the puiir( each subject) considered, A is the

cumulated achievement function with F and S remtasg the entire input histories of



the family and schools over the child’s life to elaas they apply to subjegtu is a
composite variable representing individual timeainant characteristics such as ability

to learn the subject aredcaptures any measurement error.

On the assumption that past inputs and the paatnaiént stemming from the
individual endowment can cumulated into a lagg¢dimhent measure this can be re-
written as:

GCSE = BiFit + B2Sit + ARt -2+ Vi +17;,
To explore class based peer group effects we aak ti split up the school inputs
component into:

Si=Cit + Tt + S

where C is the measure of the class peer groupdoh individual in each subject, T
represents teacher quality inputs for each sulgadt S is the residual school level
inputs reflecting school ethos, administration etehich does not vary across
individuals or classes. To avoid contamination leé peer group with any other co-
produced attainment at class level during the tearyGCSE course, the peer group
measure is measured as the average outcome oééneggmup 2 years previously. So
here, our measure of the peer groclpgsave is the mean Key Stage 3 (KS3) score of
the set, not including the subject child, where KS$3aken at the end of school year
preceding the GCSE courses starting. In our estmatectors of school-year fixed
effects are included to capture school level vamet in school effectiveness and we

also explore teachers fixed effects. More detaillo® in given in the data section.

Even with well measured pupil prior attainment,@ahand teacher fixed effects there
will remain a concern that a measure of class I@edr group effects may still be
biased. The data reveals, discussed in detalil, ldétat the extent of grouping into sets
by ability at the class level varies from schookthool, especially in English. Within
mathematics, on the other hand, pupils are widedyged into sets with peers of very
similar ability. In order to get a measure of thx¢eat of setting at the school level, we
regress the observed ability measure, that is ¢éyestage 3 score, against a set of class
dummies, and obtain the R-squared value. This giges measure to which a pupil is
grouped in a class with pupils of a similar abilitythemselves. We try to use this R-



squared value in order to consider schools that auggedibly random policy for
assigning their students to teaching sets. Th#tasschool has an R-squared close to 1,
then a pupil will be taught in a class with pupiigh very similar scores at key stage 3,
whilst if a school has an R-squared close to z#ven there will be more random

assignment of pupils according to their key stage@e.

However, at GCSE, pupils are entered for a tiegx@mination, depending on how the
school expects them to perform. Within these tierdy a sub-sample of the grades is
available to the students. This is likely to getersetting policy as the teacher may
well find it easier to teach to a specific standaadipt rather than have students
entering different exam tiers in the same classwBaonsider regressions dependent
on the tier the pupils are entered for at GCSEhWitier, we also create an R-squared
measure of setting within tier within the schoahc®@ the curriculum taught in British
secondary schools is regulated by the nationalaam, we hope that pupils within
each tier will be taught in similar ways to eachest thus removing one of the potential
alternative mechanisms for the peer effects to aipeWe show in the data section
there is much more evidence of apparently randatngepractices within tier than
exists within a whole school. However, in thesere@sgions by tier entry, we only
consider those schools that have 2 or more setseehtor any particular tier in order to
compare the results within the school. So, whilst way not find much evidence of
credibly random distribution of pupils accordingability within schools, we do find
evidence of credibly random distribution of pupiléthin the tier that the pupils are
entered for. Due to this tiering policy, it is wkdly that many, if any, schools have a
credibly random setting policy for the whole schoolt our identification strategy
should allow us to use schools with credibly randsirategies within the examination

tier they are entered for.

In order to estimate the effect of a more able pg@up within the educational
production function described above, we estimate

GCSE, =a+X;9; +classave ), +s +t, +¢ (1)
where GCSE is the GCSE score for pulgit timet in subject, classavds the mean of

the peer group’s key stage 3 score, not includimtyl ¢, whilst X includes exogenous
pupil level demographics. We include school-yegedi effects that have the effect of

10



removing any other effects that may be constardsascthe pupil data within the cohort

entry to the school. Further we explore the impiae of adding teacher fixed effects.

We would like to be able to remove as much unoleskheterogeneity from the model
as possible by including as much relevant backgtdon the children as is available.
However, in our dataset, there is little data rdgay the child’s background and other
details. We try to reduce this unobserved hetereigerby also including other
measures of the pupil’s ability in the form of tepil's key stage 3 scores from other
subjects, as well as demographics including thgerweithin year, gender and a measure
of the deprivation of their postcode from the indg#xmultiple deprivation, from the

Department of the Environment, Trade and Regiorisazil area deprivation.

In order to identify the effect of the peer abilggore, we need to consider schools that
use a credibly random setting policy. In order ¢othis, we consider schools that have
an R-squared score of less than 0.88thin the tier as having a credibly random
distribution of pupils. Schools that have an R-sgdascore of greater than 0.4 are
defined as having a large R-squared, and do na haredibly random distribution of
pupils. This cut off is essentially arbitrary btietsample sizes within tier start to get
very small, especially for maths but we can chexkainy residual bias by comparing
the results those for the 1V approach of LefgredD@b).

Whilst we may be confident that these schools fmv@ndom distribution of pupils to

classes, in order to validate this, we appeal ¢ontethodology developed in Lefgren
(2004H This identification strategy utilises the same Ragd measure as defined
above, interacted with the pupil’'s subject speckey stage 3 score to estimate the
following two-stage regression for each subjectn@xad at key stage 3; English and

maths:

ClassaVFt_z —a+ Xij 181' + R;KSBijt_zzpj +s +i + U; (2)

GCSETt =g+ Xij Jj + classavg?t_zyj +5 +t +g (3)

3 Whilst this may be considered a large cut-off,ase limited by having a small sample of schools, an
so we must allow for schools with a less stricidgbn of random distribution. However, we app&al
the methodology of Lefgren (2004b) to verify thessults.

11



where R? is the setting measure and KS3 is the pupil’s kesnstage 3 measure

This IV approach, in line with Lefgren (2004b) ordifows the use of one measure of
peer ability, and we adopt the most common reptatien, that is the average of a
pupil’s classroom peer’s lagged attainment scorlgiKey Stage 3 scores). There are
many potential mechanisms for peer effects to dperd pupil may benefit from
working with pupils of higher ability. Similarly,olv ability pupils may absorb more
classroom teacher contact time than higher alglitgils or disrupt teaching for other
pupils by bad behaviour. Also, teacher allocaticayyrbe based on the makeup of the
class. A school may allocate its best teachersi@oldwest sets in order to maximise
possible value added within the school, or simyl@duld allocate them to the highest

sets in order to maximise the top level resultsitbes.

4. Data

We use a unique sample from England consisting4#®pupils taken in two tranches
from a small sample of schools across the couifitng. data was collected at the Centre
for Market and Public Organisation (CMPO) withinetiuniversity of Bristol, for
another purpose, namely to look at the effects i introduction of teachers
performance related pay in England (Atkinson et(2004)). Within the first tranche,
we have 5,587 pupils within 35 schools who satrtkey stage 3 examinations in 1997
and GCSE exams in 1999. Within the second tranchéhave 3841 pupils within a
subset of 23 schools who sat their key stage 3 exdions in 2000 and GCSE exams
in 2002. These schools are a non-random sampl&atef schools, mixed sex and single
sex, selective and non-selective. The sample wastreated purely on the basis that
these schools were able and willing to divulge éktensive data requirements for the
study aims. Hence, this dataset hasuthiguecharacteristic (for England) that we have
complete data on the class in which all of the jsupie taught for English and maths.
So, we have data on the pupil’s entire classrooer geoup, along with their abilities

based on the key stage 3 scores already gained.aléée have widespread but

4 Lefgren (2004a) presents conditions that this INtegy yields unbiased estimates of the peer sffect
and shows that the estimator is consistent wreav(KS3_,,s )" =cov(KS3_,,s)™" .

var(KS3,_,)"™ =var(KS3,_,)™ and var(s, )" =var(s)™, whereUN represents an untracked
school (withRP=0), andTR representing a tracked school, (WRf¥1).

12



incomplete knowledge of which teacher is takinghedlass. However, the pupil level

data we observe is limited to age, gender andeatal postcode.

Using postcode data on where each of the pupis we can map the pupils to a ward
and thus can include data from the 2000 Indicd3egrivation from the Department of
the Environment, Trade and Regions of local argaidation. Hence, we have some
idea of the demographics of the area in which talg live, and thus also some of the
characteristics of their neighbours in terms obme, education, child deprivation etc.

In England, pupils sit compulsory key stage exationa at various points in their
school career, at ages 7, 11, 14 and 16. At ageuplls are assessed at key stage 3
(KS3), a national examination, in English, mathaosaand science, whilst at 16, pupils
are assessed at general certificate of secondargatdn (GCSE) in a number of
subjects, including English and mathematics. Ameasure of ability we use the
pupil’'s key stage 3 and GCSE scores from Engligh mathematics. The key stage 3
scores are presented as a national curriculum ievék range from 2 to 8, and above
that for exceptional performance. However, thisegtional level is very rare, and so
we treat it as the same as those who receive 4 &weore. We also include an
additional variable for those pupils who fail theykstage 3, or at least fail to gain a
grade. The GCSE score is presented as a rangdJr@dail) to A*. In order to analyse

the data, we consider an A* to be level 8 and a beta level 0.

We drop all results of pupils who are missing eitheGCSE score or the subject
specific key stage 3 scGraVe also control for the age and gender of thélpag well

as including other ability measures consistinghefather subject key stage 3 scores.

GCSE qualifications are examined using a tier stine¢ with pupils being entered for
the tier that the school decides is the best m@&t¢heir ability. mathematics has three
tiers; higher, intermediate and foundation, whistglish has two tiers; higher and
foundation. Each tier only offers a range withie flall grade spectrum. In English, a
pupil can gain a grade in the range from A* to D tlee higher tier paper and a range
from C to G for the foundation paper. Similarlyr foathematics, a pupil can achieve a

® We thus drop results here for pupils classifiethwin X meaning entered but did not sit the exam

13



grade in the range A* to C for the higher tier,dBE for the Intermediate tier and D to
G for the foundation tier. If a pupil fails at atigr they are awarded a U. Thus, a pupil
of low ability entered for the foundation tier cduleceive an E grade whilst a higher
ability pupil could be entered for the higher taerd fail, and thus receive a U, which
could give the impression that the pupil entered dolower tier paper had higher
achievement. The nature of this tier structurehtercomplicates the task of identifying
the peer effects, since implicitly higher abilitygls will need to be taught to a higher
syllabus to meet the requirements of the higher Tiaus the content being taught is
likely to be linked to the peer group. However sskes are not necessarily being taught
a single tier. Some classes will have studentshtaag a mixed ability group with

students entered for different tier exams at theadrthe course.

In order to control for the different syllabus thtiglue to different tier entry, we need
to control for this tier entry. We cannot directiigserve what tier a pupil is entered for,
but we can obtain an indicator as to what tiertasseollectively entered for based on
the results gained at GCSE. It is a reasonablengsn that for many sets within
schools the entire set will be entered for the s&@@SE exam, since for each tier
different syllabi are required. We examine the maxn and minimum scores pupils
within the set achieve (excluding failures). We camsequently compare this range
with the range available within each tier, anchié tesults lie clearly within one tier, we
assign that tier to the set. However, there ispibiential for results not to point to one
particular tier. For example, if in an English gb& only results gained were Cs and Ds
we would not be able to distinguish between higivet foundation. We consider these
sets where we cannot differentiate as being irhtkeer of the two possible tiers. This
seems rational since in some of these borderlitee wailst the top grades available in
the lower tier are gained, some pupils also failelexam. It is more likely that if the
entire set were entered for the lower of the tisosne of the lower grades would have
also been obtained. However, this should not malksgaificant difference to the
results, but we also examine the robustness ofesuits to assigning these borderline

cases to the lower of the tiers.

For those sets where the exam results point tolp@pitered in more than one tier
within the set, we consider the set to be of miaddlity. For instance, if in

mathematics, the maximum grade achieved withirsgdievas an A* and the minimum

14



mark was an E, the set could not all have beerremhtier higher tier or intermediate
tier. We thus classify this as mixed set. This doas however, distinguish between a

high mixed ability set and a low mixed ability seimathematics which has three tiers.

In order to construct the peer ability variable eomsider the mean average of the key
stage 3 scores of the other pupils within the claghilst at key stage 3, all pupils
receive one grade in English, at GCSE; there iptssibility of receiving two GCSEs
in English (language and literature). Having canegl the structure of the English key
stage 3 with the GCSEs, it was decided to use th@nnaverage of the language and
literature GCSE scores, with pupils who were migstither a language or literature

score simply taking the non-missing score.

Our estimation method is within schools, utilisschool fixed effects. Because of the
way that we calculate our peer score, there willabemall within class variation.
However, this is very small compared to the vaviatihat is seen across classrooms.
We thus only consider those schools where theraoe than one class. Because of
this, we lose a number of the schools that are lsamal only have one set for each
subject. Similarly looking at within tier specifitons, a larger number of schools will
not have more than one set. Table 1 shows the nuaibechools that have a given
number of sets both in the full sample and therictetl samples within tier entry for
the set, and thus the number of schools that atedad in our sample, once we have

dropped those with less than one set.

Table 2 reports summary statistics for the pupmil®ur sample. The national average
key stage 3 score for English is approximately Bilst for mathematics, the average
score is just above 5. We have a slightly lowempprton of males than the national
average of 0.511 in our sample for English and maflhe gender mix is not constant
across the tiers with far fewer boys in the top &ied far more in the foundation tier,
especially for English. Atkinson et al (2004)ther discuss the representativeness of
the sample of schools used in the study on a radtiemel, and show that the “sample
of schools is not, therefore, very representativihe national picture in terms of value
added and GCSE scores.
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Looking at the R-squared measure of setting, foolevlschools, there is a relatively
large value of 0.510 on average for English, aifd® for mathematics within schools.
However, as discussed earlier, this is mainly duthé fact that within schools, the fact
that GCSEs are examined in tiers, we would expgerR-squared for the whole school
to be high compared to the R-squared setting medsuwithin tiers. This is evidenced
further in table 3. The R-squared values for ththiw tier specifications are lower than
those for the whole school, indicating a relativielgs homogenous distribution of key
stage 3 scores. That is, the lower R-squared measithin tier indicates a more
random distribution of pupils to sets within thertiThis we can attribute to schools
placing more emphasis on trying to ensure pup#simma class teaching to the correct
tier for GCSE. There is thus much more randomnégnwt comes to class allocation
policies within the tier. It may be the case tlmt$ome schools there is a strict setting
policy for within tier teaching whilst for othersasses are taught in parallel with mixed
ability within the class subject to being taught ppropriate tier. For these reasons,

we may expect to see more robust results when waiaer within tier results.

A worry is that the R-squared for mathematics ibssantially larger than that for
English in the higher tier, although again, as ehare three tiers of entry in
mathematics, and only a finite number of gradesiabdea at key stage 3, we would
expect a more homogenous distribution of gradekinvitier in mathematics than in
English. Our identification strategy assumes tichbsls with an R-squared of less than
0.35 will have a credibly random distribution ofgils by ability within the tiers.
Figure 1 shows the distribution of the R-squarddeswithin tier for English. We can
see that for within whole schools, there are a watge of setting policies, going from
credibly random, with an R-squared of close to z&ravery strictly grouped according
to ability, with an R-squared of close to 1. Withihe higher tier, there is less variation
in setting policy, but there is evidence of a cdesable number of schools randomly
assigning pupils into sets by ability, evidencedthwy large proportion of schools with
an R-squared value close to zero. In the founddiiem there is evidence of more
variation in the setting policies, with again, magparently random setting policies

within the foundation tier than within the entirghsol.

Figure 2 shows the distribution of the R-squaratrgemeasure for mathematics. For

the whole school case, it is immediately clear thate is much less heterogeneity of
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setting policies between schools, with the vastonitgj of schools having very strong
policies regarding setting, evidenced by the ladRgequared value. In the higher tier,
there is evidence of more random sorting than envihole school case, but there are
still not many schools with very low R-squared meas indicating apparently random
distribution of pupils. In the intermediate andufdlation tiers, there is evidence of
more schools having random setting policies thatihénhigher tier case, although also

with more heterogeneity in setting policies acradsools.

In our analysis, we use a measure of previoustgbihie pupil's key stage 3 scores.
The Key Stage 3 score is a national test sat byed olds in English and maths. We
also need to consider how to enter this prior aehmeent into our regressions as the
effects may not be linear against the GCSE scBue.all of the key stage 3 scores, we
enter a failure as a separate dummy. This is dtleetdact that as with GCSEs, the key
stage 3 tests are examined in a tier structure eettain grades only available from
certain tiers, and thus a failure is not necessaepresentative of a child’s abilfty
Furthermore, we include all of the subject spedkay stage 3 scores as individual
dummieg. For other subject key stage 3 scores, we contiéen to be linear between
scores of 2 and 8, and similarly use a failure dyntondeal with the non-linearity we

experience here.

5. Results

OL SEstimates

Table 4 contains OLS estimates of the classrooml lgeer effects present for English
and maths. The regressions build up from a veryplginmodel with no attempt to
condition on prior attainment of the pupil concetnelhis simply reflects the
correlation between individuals’ attainment andt tbiatheir peers conditional on the
small set of demographic and deprivation indicat8equentially, the columns present
regressions that include pupil prior attainmenthi@ subject considered (column Il) and

in column Il prior attainment in the other KS3 gedi is also included. Column IV

® Mathematics is examined in 4 tiers, offering lsv2lto 5, 3t0 6, 4 to 7 and 5 to 8. English iareixed

in a single tier for reading and writing, the ramores of which are added together to be conventedai
national curriculum level.

" Upon testing linear effects of key stage 3 score&CSE scores in a regression of GCSE scores on a
full set of score dummies for key stage 3, we tejee null of linearity for English at all reasoab
significance levels (P>F=0.0000). We do not refbetnull of linearity for mathematics, but for
consistency we treat this in the same way as fgti&n
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introduces school fixed effects so that we arenesing within schools and finally
Column V introduces teacher fixed effects. In Caluw those teacher or teacher
combinations that appear only once and retaingddarsample and in Columns VI and
VII we repeat columns IV and V but only include ebstions where the teacher is

observed teaching at least two classes.

Pooled estimation

Starting with the English results in the upper parfi@able 4 the correlation between a
pupil’s attainment and his peers lagged attainnemnery strong if we condition on
only a limited range of personal, school and netgitbood indicators. The coefficients
imply thatwhen the peer average lagged attainment changeaégrad® a result is
seen equivalent to raising a pupil’s attainmeniL g 1.5 GCSE grade. The rows reflect
the impact of moving to within tier estimation fénglish in the upper panel and maths
in the lower. Within tier estimates are around PO43lower than for the full sample.
The examination tiering is a major reason for sgttand suggests that setting does

create an upward bias to estimates of peer grdaptef

Such models do not condition on pupils prior attant, school intake selection or
effectiveness or indeed teacher effectivenessodatring controls for the pupils’ prior
attainment (including any prior peer group effetBarply reduces this correlation.
Refining the prior attainment measure by includattainment in other KS3 subjects
further reduces the correlation between pupil ateint and prior attainment of their
classmates. The introduction of school fixed-ydéects pushes the point estimate of
the peer group effect upward and conditioning atker fixed effects makes no further
difference. Restricting the sample to those pupi®se teachers are observed taking
more than one class leaves the estimates unaffealttdugh due to the decreased
sample size the standard error is increased. Thadurction of school and teacher fixed
effects within this relatively small sample of sol® makes little difference to
estimated peer group effects once pupil prior @ath&nt is conditioned on as fully as
possible. The estimates in columns IV and V sugtiestan increase in average peer
ability of one grade at key stage 3 in English esipupil attainment by 0.4 GCSE

8 This change is roughly a change of 1 standardatiewis of the class average score in English, a®d 0
standard deviations for mathematics. Standardatiewi of class average in English is 1.084, wlidst
maths it is 1.243
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grades or around one quarter of a standard dewiafibus these estimated effects of
peer effects within the classroom are moderatetyelaThe picture for maths is broadly
the same except that the estimated coefficientsamgewhat higher with conditional
estimates of around 0.6.

However, these estimates may still be misleading.dfscussed earlier in the data
section, in English schools there is a large amofi@nforced stratification of pupils,

due to the tiered nature of the examinations, sohighest ability students are never
taught in a classroom at GCSE with the lowest igfsliudents. It is thus more reliable

to examine the effects within examination tier.

Within tier estimation

As noted earlier, at the school level setting isyveommon, especially in maths in
order to, in part, facilitate teaching to a singkam tier. So when we consider within
tier estimates the results are closer to a randtwoagéion of pupils to classes, although
there is a wide variation in school practices. Tithin tier estimates become very
similar to whole sample estimates once we conwoltiie child’s past attainment as
fully as we can. This suggests that including migtior attainment captures the bias
that setting for exam tiers produces or to putnibther way the pupils KS3 scores
provide the information used in grouping the cleldfor entry into a GCSE exam tier.

For English the estimates without school or teadited effects are smaller than in the
full school regressions but the school fixed effaises the estimates for an increase of
the peer ability by 1 gradat key stage 3 in higher and foundation tiers kiackround
0.4.

For maths, the coefficient is higher for the higher, but this decreases as we move
through intermediate, foundation to mixed tier teag. A one grade increase in the

class average at key stag Bads to an increase in individual pupil’'s attagmiof

° This is equal to a change in the peer group ostabdard deviations in higher tier, and 1.33 siathd
deviations in foundation tier. Standard deviafiohigher tier English is 0.667 and foundation tger
0.767.

1 This is equal to a change in the peer group & &ta8ndard deviations in higher tier and approxéfyat
2 standard deviations in intermediate and foundatars. Standard deviation in higher tier mathicsa
is 0.722, intermediate tier is 0.559 and foundatienis 0.484.
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approximately 0.76 grades in higher tier, 0.64 ggaith intermediate and 0.4 grades in

foundation tier.

Apparently random allocation of pupils.

The major concern is that despite within tier eates, lagged pupil attainment, school
and teacher fixed effects, there still be selectibpupils into classes within the school
on the basis of unobserved (to the researcherdiuhe school) differences in pupils’
ability leading to a possible bias in the estimatkthe effect of an increase in the peer
ability. Table 5shows the results comparing the coefficients gafoethe schools with
low R-squared measures from within tiers with thdlsat have a high R-squared
measure. We now focus on the subset of schoolshthat a much lower R-squared
setting measure, and thus a more credibly randamilalition of the ability of pupils
within the tier. In English, the picture is veryeal cut. In both the higher and
foundation tiers, the schools that have a low Rasegl value, and consequently a
credibly random distribution of pupils within theer, have considerably lower
estimates of the effect of a more able peer grbiap the OLS estimates on the full
sample within each tier, whilst the schools withigh R-squared setting measure have
considerably higher estimated effects than thosen se the full sample OLS
regressions. For the higher tier estimation usheglibly random distribution of pupils,
there is a significant effect of a more able peesug demonstrated using our
identification strategy, equivalent to an increaééetween 0.17 and 0.20 grades for a
one grade increase in the class average measorethd-foundation tier, a significant
positive effect is seen, equivalent to an increzdeetween 0.23 and 0.28 grades for a
one grade increase in the class average measurs. sdme picture is seen with the
schools with apparently random setting policieshimitfoundation tier mathematics,
with a small positive effect observed in specificat4, although the significance is
greatly reduced in specification 5, with smalldieefs observed than in the OLS case.
The magnitude of these effects is approximatelyiremease of between 0.230 and
0.296 grades for a one grade increase in the [ddy aneasure. Whilst these effects
are smaller than those seen in the full sampley #re still positive, significant and

non-trivial

As observed in the data section, the R-squarecesdarthe higher and intermediate

tiers for mathematics are unaffected by concemniyatin schools with apparently at
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random setting. The pattern that emerges is sintdathat in Table 4 with higher

estimates of peer effects in maths and especiajlyen tier maths and low estimates in
English. However, the apparently at random setsiclgools for English suggest there
was a moderately large upward bias to the estimat€able 4. This may be because of

there only being two rather than 3 exam tiers iglish.

IV Estimation

It is possible that our selection of the “credibhndom” sub-sample may still mask
some underlying selection, leading to a residuas luf the estimate of the effects. In
order to check the validity of our results, we tis®identification strategy developed in
Lefgren (2004b). Table 6 shows the first and sesiade 2 stage least squares results,
using the identification strategy developed by lefg(2004b).

The estimates within tier where there is far weakadence of active setting are very
robust. An effect of similar size as seen in Tdbie seen in English across the higher
tier and foundation tier, meaning we cannot see diffgrential effect across ability
ranges. However, by the very nature of the tierthg, lowest ability pupils are not
placed with the highest ability pupils, and if thegre, then we may expect to see a
larger effect become apparent for the lower abpitpils. The estimated effect of a one
grade change in the peer measure leads to appraynaaone third of a GCSE grade,
slightly lower than for the uninstrumented estinsaite Table 4 but very similar to the
apparently random sample seen in Table 5.

The estimates for maths only show significant effetor the intermediate and
foundation tiers, and this becomes insignificamtfémndation tier when we include the
teacher fixed effects but the magnitude is very miacline with the estimate in Table
5. Within the intermediate tier, we see the strehgeffect of having higher ability

peers, with it actually increasing when we conditior the classroom teacher. This
gives us an effect of about three tenths of a gvatken moving one standard deviation
in the peer measure. The estimated effects of gemwp in higher tier maths are
insignificant from zero and significantly differeffom the estimates in Table 5. This
alternative approach produces result very muchine With our apparently random

sample except for higher tier maths.

21



In order to test the endogeneity of the peer gbiliieasure, we consider the OLS
specification, but also include the residual olgdifrom the first stage of the two-stage
IV regression. Table 7 shows the results of theogadeity test. We can see that for
English, the coefficient on the residual is nongigantly different from zero for any of
the within tier regressions, implying that the pesility measure may not be
endogenous. For maths, the story is more compticatéth the coefficient on the
residual for the full sample being highly signiintabut also there is significance on the
higher tier and the mixed tiers, with a very logrsficance on the foundation tier. This
difference in behaviour can be simply explainedrdwalling the summary statistics of
the R-squared setting measure. For all tiers, #leevwas higher for maths than for
English, implying that whilst there may be approately random assignment of
children, within tier, to classes in English, thasea more systematic policy for

mathematics.

We may also wish to compare outcomes of studying ahass for foundation tier and
higher tier. For this comparison, a school needsate 2 or more sets of each tier. In
order to make the marginal comparison, we consséés as ordered by their average
key stage 3 score, and compare the outcomes arloedgudent would achieve in the
highest foundation tier class and the lowest higieerclass (in the case of mathematics
we consider the lowest intermediate tier class)r Bar comparison, we use
specification 1V, school fixed effects but not tkac fixed effects. This gives an
average improvement of 0.66 grades by being irhtgker tier classroom than in the

lower tier classroom and for maths an average ingment of 0.62 grades.

6. Conclusions

We find significant and non-trivial evidence of pedfects within the classroom when
both conditioning on school and teacher fixed effedhe examination system in
England at GCSE with various different tiers enegeas schools to teach children in
sets grouped by ability in order to meet the diffgr requirements of the tiers.
However, if we consider the grouping within ther tiee find evidence of much more

credible near random allocation within some schools

We find very similar results using the sub-sampiesahools that apparently allocate

pupils (near) randomly within an exam tier and fitwe Instrumental Variables
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approach. These estimates of the effect of a miole @eer group are approximately
one fifth to one half of the unconditional OLS sifieations and half to parity of those
for conditional OLS estimates. Our OLS estimatestlo& schools with apparently
random distribution of pupils give estimates of #féects that are not significantly
different from the IV estimates, except for withimgher tier mathematics and English.
It is apparent from Figure 2 that within mathemstithere is a much higher level of
setting in higher tier than in the other tierstisere is a worry that the results may well
be biased, and thus less robust than those fohtspecification. However, the IV

estimates still give non-trivial significant effector English, and for intermediate and

foundation tiers for mathematics.

Our within tier teaching allows us to compare diéfgial effects for pupils studying
like exams, whilst pooled regressions may suffemfrthe fact that pupils are not
necessarily studying the same syllabus and mayuee dble to achieve differentially.
In comparing pupils being taught in different tieve see a considerable gap, which is
difficult to attribute simply to being in a classitiv higher peers, and it may be
necessary to attribute some of this gap to theewiffce in exam, and possible
difference in aspirations due to being in a clabgne it is difficult to achieve even the
most basic “pass” grade in GCSE. This is partritylemportant for the mathematics
tiering as those in the foundation tier are pretided to be unable to reach the
minimum level required to progress of a grade Gatt Smith (2004) comments on the
fact that nationally 30% of all pupils are pre-destl to fail GCSE maths before even
sitting the exam simply due to the tier they ar¢eesd for. This may lead to low
aspirations, and the carrot in intermediate tieb@&hg able to gain a grade B could act

to increase pupils’ aspirations and thus increlase butcomes.

Whilst for each subject we see an improvement liygoim the higher level classroom,
there is still a question that remains of whetlngs ts solely down to the influence of
the peers, or whether this is more to do with tinecture of the tiered examination. It
may be of interest for further research to consttiereffect that being entered into a
higher tier examination has on the borderline e¢kitd especially those taught solely in
a set being entered for the higher tier paper.
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Figure 1 Distribution of R-squared setting meagardenglish between school
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Figure 2 Distribution of R-squared setting measure for mathematics between schools
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Table 1 Number of school/yearswith specified number of sets

Inter-
No. Sets Full Sample Higher Tier mediate Foundation Tier
Tier
English Maths English Maths Maths English Maths
1 2 1 13 21 13 5 9
2 1 13 7 24 12 16
3 2 1 8 5 3 12 16
4 8 8 4 4 10 5
5 12 9 4 2 1
6 7 12 1 2 1 2
7 10 10
8 6 3 1
9 3 5 1
10 2 3
11
12
13
14
15 1
16 1 2
17
18

Notes: This table shows how many schools have saoiber of sets within each tier. The within tier
regressions only consider schools with 2 or mote \s&hin the tier.
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Table2 Summary statistics

GCSE Key Stage

2 .
R%setting  gample size

Subject S Age Gender
core 3 score measure

Full Sample

English 4.756 5.061 16.259 0.508 0.510 6935
(1.559) (1.155) (0.296) (0.500) (0.197)

Maths 4.423 5.380 16.257 0.510 0.749 7231
(1.813) (1.276) (0.294) (0.500) (0.127)

Higher tier

English 5.824 5.792 16.276 0.465 0.263 2328
(1.034) (0.919) (0.291) (0.499) (0.203)

Maths 6.406 6.815 16.257 0.496 0.443 1170
(0.941) (0.718) (0.297) (0.500) (0.1712)

Schools with low R-squared measures

English 5.961 5.899 16.270 0.370 0.044 987
(1.029) (0.990) (0.285) (0.483) (0.065)

Maths 6.264 6.744 16.255 0.555 0.278 523
(0.955) (0.713) (0.300) (0.497) (0.113)

Schools with high R-squared measures

English 5.859 5.693 16.285 0.547 0.470 909
(1.070) (0.864) (0.300) (0.498) (0.059)

Maths 6.742 6.942 16.258 0.350 0.605 446
(0.834) (0.697) (0.292) (0.477) (0.032)

Intermediate tier

Maths 4.567 5.466 16.258 0.507 0.401 2030
(1.016) (0.705) (0.297) (0.500) (0.207)

Schools with low R-squared measures
4.669 5571 16.267 0.548 0.198 834
(1.029) (0.709) (0.291) (0.498) (0.153)

Schools with high R-squared measures
4.450 5.410 16.253 0.475 0.594 786
(1.046) (0.641) (0.294) (0.500) (0.063)

Foundation tier

English 3.140 4.028 16.232 0.640 0.313 1724
(2.097) (0.975) (0.303) (0.480) (0.200)

Maths 2.291 3.851 16.233 0.552 0.390 1521
(1.050) (0.674) (0.289) (0.497) (0.179)

Schools with low R-squared measures
3.048 3.917 16.234 0.613 0.116 686
(1.135) (2.0712) (0.299) (0.487) (0.083)
2.226 3.756 16.231 0.518 0.196 606
(1.022) (0.643) (0.277) (0.500) (0.093)

Schools with high R-squared measures
3.113 4.128 16.239 0.706 0.517 656
(1.063) (0.806) (0.313) (0.456) (0.122)
2.465 3.981 16.239 0.635 0.569 572
(1.054) (0.704) (0.297) (0.482) (0.058)

Note Standard deviations in parentheses. Unit oéotition is an individual child.
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Table 3 Description of regression specifications.

Specification

Description

We include age, gender, index of income deprbratind the proportion of pupils i
the school who are male and a dummy for whethestheol year has more than t
mean number in it, indicating a large school.

Includes the subject specific key stage 3 score

Includes the other subject key stage 3 scores

\Y% Includes school fixed effects

\% Includes teacher fixed effects (Teachers whoht@aor more classes and all others
including those identified as teaching 1 classamgle replaced as missing)

\i Subsample of IV with identifiers for teachersavteach 2 or more classes

VII Only with teachers who teach 2 or more clasgissings and teachers who teach

ne

D

only one class omitted)
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Table4 Resultsfrom ordinary least squares estimation of the effect of peer ability

on outcomes.

| 1 11 I\ VI Vil
Schoollyear fixed
effects v v v
Teacher fixed effects v v
English
Full Sample
Class Average peer 1.169*** | 0.558*** | 0.336*** | 0.439*** | 0.442*** | 0.437*** | 0.425***
measure (0.031) (0.036) (0.032 (0.033) (0.03R) 040 (0.041)
Observations 6935 6935 6935 6935 6935 3776 3716
R-squared 0.53 0.62 0.69 0.72 0.74 0.74 0.7p
Higher tier
Class Average peer 0.854*** | 0.412%** | 0.248*** | 0.442*** | 0.447*** | 0.761*** | 0.862***
measure (0.071) (0.073) (0.065 (0.066) (0.070) 170) (0.173)
Observations 2328 2328 2328 2328 2328 489 48D
R-squared 0.34 0.43 0.53 0.64 0.64 0.75 0.7
Foundation Tier
Class Average peer 0.669*** | 0.305*** | 0.224*** | 0.367*** | 0.435*** | 0.357*** 0.238
measure (0.064) (0.068) (0.063 (0.055) (0.063) 128) (0.146)
Observations 1724 1724 1724 1724 1724 42( 42p
R-squared 0.20 0.28 0.36 0.43 0.44 0.5( 0.511
M athematics
Full Sample
Class Average peer 1.303*** | 0.676*** | 0.555*** | 0.605*** | 0.595*** | 0.632*** | 0.613***
measure (0.021) (0.046) (0.047) (0.045) (0.045 (0.06%) 0€®)
Observations 7231 7231 7231 7231 7231 367H 3615
R-squared 0.70 0.74 0.75 0.79 0.80 0.81 0.8p
Higher tier
Class Average peer 1.092%** | 0.699*** | 0.571*** | 0.758*** | 0.767*** | 0.884*** | 0.919***
measure (0.088) (0.117) (0.113 (0.079) (0.070) 14%) (0.100)
Observations 1170 1170 1170 1170 117 204 20B
R-squared 0.39 0.44 0.47 0.58 0.60 0.62 0.6p
Intermediate Tier
Class Average peer 0.982*** | 0.542*** | 0.441*** | 0.630*** | 0.650*** | 0.728** 1.055**
measure (0.084) (0.090) (0.088 (0.081) (0.083) 268) (0.347)
Observations 2030 2030 2030 2030 203 314 31B
R-squared 0.26 0.30 0.33 0.43 0.43 0.41 0.4B
Foundation Tier
Class Average peer 1.045*** | 0.502*** | 0.375*** | 0.457*** | 0.400*** | 0.926*** | 0.894***
measure (0.085) (0.092) (0.092 (0.070) (0.065) 278) (0.291)
Observations 1521 1521 1521 1521 1521 204 20B
R-squared 0.28 0.37 0.39 0.49 0.51 0.52 0.5p

NotesDependent variable is the GCSE score in Englishathematics. Specifications of regressions shovtalkite
3. Method of estimation is ordinary least squaf€d.S) Robust standard errors for within class €rtsg in
parentheses. *indicates significant at 10%; digates significant at 5%; *** indicates signifidaat 1%
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Table 5 Results from the estimation of the effect of a mor e able peer group using
schools that have a credibly random distribution of pupils by ability within tiers.

English Maths

\% V \% V
Schoollyear fixed effects v v v v
Teacher fixed effects v v
1. Higher Tier
OLSLow R-sguared
Class Average peer 0.198* 0.167* 0.820*** 0.806***
measure (0.082) (0.069) (0.182) (0.113)
Observations 1330 1330 469 469
R-squared 0.67 0.67 0.43 0.47
High R-squared
Class Average peer 0.524*** 0.518*** 0.773%** 0.792***
measure (0.097) (0.118) (0.115) (0.109)
Observations 770 770 701 701
R-squared 0.63 0.63 0.66 0.67
2. Intermediate Tier
Low R-sguared
Class Average peer 0.772%** 0.769***
measure (0.139) (0.184)
Observations 633 633
R-squared 0.47 0.48
High R-squared
Class Average peer 0.626*** 0.634***
measure (0.109) (0.112)
Observations 1144 1144
R-squared 0.42 0.43
3. Foundation tier
L ow R-sguared
Class Average peer 0.291*** 0.331*** 0.296** 0.230*
measure (0.090) (0.099) (0.143) (0.135)
Observations 936 936 588 588
R-squared 0.39 0.40 0.44 0.44
High R-squared
Class Average peer 0.446*** 0.545%** 0.556*** 0.512***
measure (0.091) (0.098) (0.079) (0.075)
Observations 556 556 933 933
R-squared 0.46 0.47 0.54 0.56

NotesDependent variable is the GCSE score in Englishathematics. Specifications of regressions showialite
3. Method of estimation is ordinary least squaf€d.S) Robust standard errors for within class ersg in
parentheses. * indicates significant at 10%; “digates significant at 5%; *** indicates signifidaat 1%. Low R-
squared indicates a school with an R-squared dessethan 0.35. High R-squared indicates a schihlan R-

squared higher than 0.40.
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Table 6 Results from two stage least squar es estimation of the effect of peer ability

on outcomes.
English Maths
1\ \% v V
Schoollyear fixed effects v v v v
Teacher fixed effects N Vv
First stage of 2 stage least squares
Higher Tier
Higher tier instrument 0.968*** 0.931*** 0.966* ** 0.951***
(0.082) (0.091) (0.160) (0.160)
Observations 2328 2328 1170 1170
R-squared 0.80 0.81 0.72 0.72
Intermediate Tier
Intermediate tier instrumen 0.926*** 0.912***
(0.095) (0.090)
Observations 2030 2030
R-squared 0.72 0.73
Foundation Tier
Foundation tier instrument 0.974*** 0.752*** 1.008*** 0.935***
(0.110) (0.160) (0.109) (0.117)
Observations 1724 1724 1521 1521
R-squared 0.67 0.76 0.62 0.66

Second stage of 2 stage least squared

Higher Tier

Class Average peer measure 0.377%** 0.380*** 0.249 0.201
(0.126) (0.133) (0.229) (0.206)

Observations 2328 2328 1170 1170

R-squared 0.64 0.64 0.56 0.57

Intermediate Tier

Class Average peer measure 0.581*** 0.671***

(0.214) (0.210)

Observations 2030 2030

R-squared 0.43 0.43

Foundation tier

Class Average peer measure 0.309*** 0.309* 0.304* 0.266
(0.115) (0.168) (0.153) (0.171)

Observations 1724 1724 1521 1521

R-squared 0.43 0.44 0.49 0.51

NotesDependent variable is the GCSE score in Englishathematics. Specifications of regressions showalite
3. Method of estimation is two stage least squdRebust standard errors for within class clusteiningarentheses.
* indicates significant at 10%; ** indicates sigo#nt at 5%; *** indicates significant at 1%.
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Table 7 Test of endogeneity of class peer ability measure

English Maths
\Y; V v V
Schoollyear fixed effects v v v v
Teacher fixed effects v v
Higher Tier
Class Average peer 0.377*** 0.380*** 0.249 0.201
measure (0.128) (0.136) (0.225) (0.196)
Residuals 0.079 0.080 0.566** 0.627**
(0.130) (0.137) (0.278) (0.233)
Observations 2328 2328 1170 1170
R-squared 0.64 0.64 0.59 0.60
Intermediate Tier
Class Average peer 0.581*** 0.671***
measure (0.214) (0.210)
Residuals 0.056 -0.024
(0.217) (0.217)
Observations 2030 2030
R-squared 0.43 0.43
Foundation Tier
Class Average peer 0.309*** 0.309* 0.304* 0.266
measure (0.115) (0.164) (0.156) (0.173)
Residuals 0.068 0.141 0.175 0.152
(0.127) (0.174) (0.167) (0.184)
Observations 1724 1724 1521 1521
R-squared 0.43 0.44 0.50 0.51

NotesDependent variable is the GCSE score in Englishathematics. Specifications of regressions showalite
3. Method of estimation is ordinary least squaf€d.S) Robust standard errors for within class ersg in
parentheses. * indicates significant at 10%; dicates significant at 5%; *** indicates signifidaat 1%.
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