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Abstract 
 
In this paper, we study the scale and nature of ability peer effects in secondary schools. In order to shed 
light on the nature of peer effects, we investigate which segments of the peer ability distribution drive the 
impact of average peer quality on students’ achievements. Additionally, we study which quintiles of the 
pupil ability distribution are affected by different measures of peer quality. To investigate these issues, we 
use data for all secondary schools in England for four cohorts of age-14 (9th grade) pupils sitting for their 
age-14 national tests in 2003/2004-2006/2007. We base our identification strategy on within-pupil 
regressions that exploit variation in achievements across the three compulsory subjects (English, 
Mathematics and Science) tested at age-14. Further, by focusing on pupils with little variation in prior 
achievements measured at the end of primary school, we identify a natural experiment that completely 
avoids biases due to endogenous sorting of pupils. We find significant and sizeable ability peer effects 
that mainly reflect the positive impact of the very academically bright peers and the negative impact of 
the very worst pupils. Moreover, we find some interesting and policy relevant heterogeneity along the 
dimensions of pupils’ ability and gender. Finally, we show that our results are driven by peers’ academic 
ability, and not related to their family background.  
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1. Introduction 

The estimation of peer effects in the classroom and at school has received intense attention in recent 

years. Several studies have presented convincing evidence about race, gender and immigrants' peer 

effects1, but important questions about the scale and nature (i.e. the ‘origins’) of ability peer effects in 

primary and secondary schools remains open, with little conclusive evidence.2 In this paper we study 

ability peer effects in educational outcomes between schoolmates in secondary schools in England. We 

first investigate the size (i.e. the ‘scale’) of the effect of average peer quality on the outcomes of students, 

and then explore which segments of the ability distribution of peers drive the impact of average peer 

quality (i.e. the ‘nature’). In particular, we study whether the extreme tails of the ability distribution of 

peers, namely the exceptionally low- and high-achievers, account for most or all of the effect of average 

peer quality on the educational outcomes of other pupils.  

To do so, we use data for all secondary schools in England for four cohorts of age-14 (9th grade) 

pupils entering secondary school in the academic years 2001/2002 to 2004/2005 and sitting for their age-

14 national tests in 2003/2004-2006/2007. We link this information to data on pupils’ prior achievement 

at age-11, when they sat for their end of primary education national tests, which we exploit to obtain pre-

determined measures of peer ability in secondary schools. In particular, we construct measures of average 

peer quality based on pupils’ age-11 achievements, as well as proxies for the very high- and very low-

achievers, obtained by identifying pupils who are in the highest or lowest 5% of the (cohort-specific) 

national distribution of cognitive achievement at age-11. Note that the way we measure peer ability is a 

major improvement over previous studies. In fact, the vast majority of previous empirical evidence on 

ability peer effects in schools arises from studies that examine the effect of average background 

characteristics, such as parental schooling, race and ethnicity on students’ outcomes (e.g. Hoxby, 2000 for 

the US, and Ammermueller and Pischke, 2006 for several European countries). A limitation of these 

studies is that they do not directly measure the academic ability of students’ peers, but rely on socio-

economic background characteristics as proxies for this. Additionally, our measures of peer quality are 

immune, for two reasons, to refection problems (Manski, 1993). First, we identify peers’ quality based on 

pupils’ test scores at the end of primary education, before students change school and move on to the 

secondary phase. As a consequence of the large reshuffling of pupils in England during this transition, on 

average secondary school students meet 87% ‘new peers’ at secondary schools, i.e. students that do not 

come from the same primary school. Secondly and crucially, we are able to track pupils during this 

                                                 
1 Recent examples include Angrist and Lang (2004) on peer effects through racial integration; Hoxby (2000) and 
Lavy and Schlosser (2007) on gender peer effect; and Gould, Lavy and Paserman (forthcoming) on the effect of 
immigrants on native students. 
2 One exception is Sacerdote (2001), who presents evidence on ability peer effects in college based on co-residence 
of randomly paired roommates in university housing. 

 1



transition, which means that we can single out new peers from old peers, and construct peer quality 

measures separately for these two groups. In our analysis, we focus on the effect of new peers ability on 

pupil achievement (while controlling for old peers’ quality), thus completely by-passing reflection 

problems.3

Our results show that having peers of high average ability significantly improves the cognitive 

performance of schoolmates, but this effect is primarily driven by peers who are at one of the two extreme 

ends of the ability distribution, namely the very ‘good’ and very ‘bad’ peers. More specifically, the effect 

of low ability peers is significantly negative, and the effect of high ability peers significantly positive, 

although the former is much larger and more precisely estimated. Interestingly, we find that the negative 

effect of very weak peers does not vary by the ability of regular students, whereas the positive effect of 

very bright peers is more positive for pupils below the median of the ability distribution, and it turns 

negative for pupils in the top 15% of the ability range. We further explore the heterogeneity of our 

findings, in particular along the lines of family background and gender. We find that our results are very 

similar for pupils who are eligible for free school meals (a proxy for family income) and for those who 

are not, and that the positive effect of ‘good’ peers and the negative effect of ‘bad’ ones are almost 

unaffected if we breakdown our measures of peers quality according to their free school meals eligibility. 

This is a very important as it suggests that our main findings are driven by peers’ academic ability, and 

not related to their family background. Additionally, we find some interesting heterogeneity of peer 

effects by gender, especially regarding the impact of the very bright pupils in the class. 

Besides providing some novel insights about the nature of ability peer effects, our paper presents 

a new identification approach that allows us to improve on the (non-experimental) literature in the field 

and to identify the effects of peers’ ability while avoiding biases due to endogenous selection and sorting 

of pupils, or omitted variables issues. Indeed, the distribution of pupils’ characteristics in secondary 

schools in England, like in many other countries, reflects a high degree of sorting and selection by ability. 

For example, using pupils’ age-11 nationally standardized test scores as an indicator of ability, we find 

that the average ability of peers and the pupil’s own ability in secondary school are highly correlated. This 

is despite the fact that most students change school when moving from primary to secondary education, 

and that on average pupils meet 87% ‘new peers’. Similarly, there is a high correlation between pupils’ 

and their peers’ socioeconomic background characteristics, which is further evidence that students are not 

randomly assigned to secondary schools and that the very top and very low achievers are typically 

clustered in high- and low-achieving schools.  

In order to overcome this selection problem, we rely on within-pupil regressions that exploit 

variation in achievements across the three compulsory subjects (English, Mathematics and Science) tested 
                                                 
3 Note that Gibbons and Telhaj (2008) exploit a similar intuition. 
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at age-14. We further exploit the fact that students were tested on the same three subjects at age-11 (at the 

end of primary schools), so that we can measure peers’ ability separately by subject. However, as we shall 

see below, sorting into high-school is still evident in the correlation between the within-student across-

subject variation in age-11 achievements, and the variation in peers’ ability across subjects. To overcome 

this ‘sophisticated’ form of selection, we propose a natural experiment that takes advantage of a sub-

sample of pupils that faces large deviations in peers’ ability across subjects, but no correlation between 

this variation and the within-pupil own variation in ability across subjects. These two desired features are 

simply achieved by focusing on students who have practically no differences in their primary school test 

scores across the various subjects. By definition, in this ‘experimental’ sample there is no correlation 

between the within-pupil across-subject variation in ability and the variation in peers’ ability. 

Furthermore, our results are largely unchanged irrespective of whether we directly control for pupil 

subject-specific ability or not (i.e. own age-11 attainment). Based on this natural experiment we document 

significant effects of secondary school peers’ ability on pupils’ own test scores at age-14. We are also 

able to enhance the credibility of our identification strategy by contrasting the estimated treatment effects 

to those based on two ‘placebo’ treatments, obtained by switching peer quality measures across subjects. 4

Remarkably, the causal relationships that we estimate between pupil performance in a specific 

subject and peer quality in that same subject in our ‘experimental’ sub-sample have a very similar size 

and precision if we go on to consider pupils with larger across-subject variation in their prior 

achievements, and if we allow for a significant degree of correlation between the within-student across-

subject deviations in age-11 test scores and the variation in peers’ quality across subjects. Furthermore, 

our results are largely unchanged irrespective of whether we directly control for pupil subject-specific 

ability or not (i.e. own age-11 attainment). Thus, we conclude that the observed correlation between the 

within-pupil heterogeneity across subjects and the variation of schoolmates’ quality across subjects does 

not confound the treatment effect of peers’ ability once the estimation is based on within-student 

variation. This finding is very important as it suggests that the estimates based on our ‘experimental’ 

sample have strong external validity for secondary students at large in England.  

The rest of the paper is organized as follows. The next section reviews the recent literature on 

peer effects, while Section 3 describes the identification strategy. Section 4 discusses the data and the 

construction of our samples, while Section 5 assesses the validity of our identification strategy. Next, 

Section 6 reports our main OLS and within-student estimates of ability peer effects and Section 7 presents 

some heterogeneity in our findings. Finally, Section 8 provides some concluding remarks. 

                                                 
4 A number of recent studies have also used explicit random or quasi-random assignment to classes or schools, or 
other natural experiments, for example, Sacerdote (2001), Zimmerman (2003), Angrist and Lang (2004), 
Arcidiacono and Nicholson (2005), Hanushek et al. (2003) and Gould, Lavy and Paserman (forthcoming). 
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2. Related literature 

For a long time social scientists have been interested in understanding and measuring the effects of peers’ 

behavior and characteristics on individual outcomes, both empirically (e.g. Coleman, 1966) and 

theoretically (e.g. Becker. 1974). The basic idea is that group actions or attributes might influence 

individual decisions and outcomes, such as educational attainment. Despite its intuitiveness, the 

estimation of peer effects is fraught with difficulties, and many of the related identification issues have 

yet to find a definitive answer. In particular, Manski (1993) highlights the perils of endogenous group 

selection and the difficulty of distinguishing between ‘contextual’ and ‘endogenous’ peer effects. In 

practice, most studies have ignored this last distinction and focused on reduced form estimation as 

outlined by Moffit (2001), where peer group characteristics are used to explain differences in individual 

outcomes. Even then, the literature has attempted to by-pass those biases that arise because of endogenous 

sorting or omitted variables, and has not yet reached a consensus regarding the size and importance even 

of these reduced form effects.  

In particular, two main issues have taxed researchers interested in the identification of the causal 

effect of peer quality in education. Firstly, it is widely recognized that one pupil's peer group is evidently 

self-selected and hence the quality of one's peers is not exogenous to one pupil’s own quality and 

characteristics. In fact, there is a well established literature on the link between school quality and house 

prices (Black, 1999, Gibbons et al., 2009 and Kane et al., 2006), suggesting that pupils are segregated into 

different neighborhoods and schools by socio-economic status. Failing to control for all observable and 

often unobservable factors that determine individual sorting and their achievement would result in biased 

estimates of ability peer effects. Secondly, peer effects work in both directions, so that peer achievements 

are endogenous to one pupils’ own quality if students have been together for a while. This mechanical 

issue, known as the ‘reflection problem’, is particularly difficult to undo unless the researcher is able to 

reshuffle group formation and belonging, and measure peers’ quality in ways that are predetermined to 

interactions within the group. 

To account for these difficulties, recent years have seen a variety of identification strategies. 

Different studies have exploited random group assignments (Sacerdote, 2001; Zimmerman, 2003; Duflo 

et al., 2008), within-school random variation ( Hoxby, 2000; Hanushek et al., 2003; Ammermualler and 

Pischke; 2006), instrumental variables (Goux and Maurin, 2007) or sub-group re-assignments 

(Sanbonmatsu et al., 2004).5 Only recently, Lavy and Schlosser (2007), Lavy et al. (2008) and Duflo et al. 

(2008) have tried to enter the ‘black box’ of ability peer effects in Israel and Kenya, respectively, and 

have explicitly focused on understanding the mechanisms through which social interactions could 

                                                 
5 Other examples include: Aizer (2008), Bayer et al. (2004), Bifulco et al. (2008), Burke and Sass (2004), Carrell 
and Hoekstra (2008), Figlio (2007), Lefgren (2004), Nechyba and Vidgor (2005) and Vidgor and Nechyba (2004). 
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operate. In particular, Duflo et al. (2008) exploits random assignment of pupils to classes as way to 

identify peer effects. The authors focus on pupils in Kenyan primary schools with a single first year class 

(and average class size of over eighty), which is split in half as an additional teacher is assigned to each 

school. New classes are either formed based on previous results of the pupils (tracking) or randomly, and 

the assignment of pupils to either of these ‘treatments’ is also random. The authors find significant 

improvements from ability-tracking in primary schools and attribute this result to the fact that more 

homogeneous groups of students might be taught more effectively. (Lavy et al., 2008) present related 

evidence of significant and negative effect of a high fraction of low ability students in the class (repeaters) 

on the outcomes of other pupils, which might arise through classroom disruption and decrease in attention 

paid by the teacher. However, it has to be noted that the primary school setting in Kenya might not be 

fully comparable to more developed countries. 

The study that is closest to ours in terms of context and data is Gibbons and Telhaj (2008) who 

also estimate peer effects for eleven to fourteen year old pupils in English secondary schools, and with 

whom we also share the focus on the re-shuffling of peers that is caused by the primary to secondary 

school transition. While this presents an effective way to account for the simultaneity and reflection 

problems, the study by Gibbons and Telhaj (2008) attempts to control for the sorting of pupils with 

similar abilities and background in the same secondary schools by allowing for primary and secondary 

school fixed-effect interactions and trends. As it turns out, this does not fully eliminate the correlation 

between pupils’ own ability and peer quality, as measured by students’ end of primary school 

achievements. Their results provide little evidence of sizeable and significant peer effects in their linear-

in-means specifications.  

To our knowledge, our study is the first one to rely on pupil fixed effects and inter subject 

differences in achievement to address identification issues of peer effects.6 Additionally, as already 

mentioned, by focusing on pupils with little variation in prior achievements measured at the end of 

primary school, we further identify a ‘natural experiment’ that completely avoids biases due to 

endogenous selection and  sorting of pupils. This allows us to achieve a clean identification of the causal 

effect of peer quality. In the next section we spell out in more details our empirical strategy. 

3. Empirical Strategy 

3.1. Identification Strategy 

The main problem with identifying the effect of the ability composition of peers on pupil educational 

achievements is that peer quality measures are usually confounded by the effects of unobserved correlated 

                                                 
6 Lavy (2009) uses the same approach and examines subject-to-subject variation in outcomes for the same student to 
investigate the effect of instructional time on pupil academic achievements. 
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factors that affect students’ outcomes. This correlation could arise if there is selection and sorting of 

students across schools based on ability differences, or if there is a relation between the average students’ 

ability in one school and other characteristics of that school (not fully observed) that might affect 

students’ outcomes. The approach commonly used in several recent studies relies on within-school 

variations in the ability distribution of students across adjacent cohorts or across different classes (e.g. 

Hoxby, 2000; Gould et al., 2004; Ammermualler and Pischke, 2006; Lavy and Schlosser, 2007; and Lavy 

et al., 2008). This method potentially avoids both sources of confounding factors highlighted here above, 

although the identifying assumption is that the variation of peer quality over time (or across classes) is 

purely idiosyncratic and uncorrelated with students’ potential outcomes and background.  

In this paper, we suggest an alternative approach for overcoming the potential selection/sorting 

and omitted variable biases, namely we examine subject-to-subject variation in outcomes for the same 

student and investigate if they are systematically associated with the subject-to-subject variation in peer 

ability. Thus, the ability peer effect that we study here is subject specific. Stated differently, in this paper 

we question whether pupils who have school peers that have on average higher ability in subject j (e.g. 

Mathematics) than in subject i (e.g. Science), have better cognitive performance in subject j than in 

subject i. More formally, using test scores in multiple subjects, we estimate the following pupil fixed-

effect equation: 

iqs i q s qs iqsA Pα β γ δ ε= + + + +        (1) 

where i denotes pupils, q denotes subjects and s denotes schools. iqsA is an achievement measure for 

student i in subject q at school s. In our analysis, we focus on test scores in the three compulsory subjects 

(English, Mathematics and Science) assessed at age-14 during the national tests; these are denoted in 

England as Key Stage 3 (KS3; more details are presented in Section 4). Additionally, iα  is a student fixed 

effect, qβ  is a subject specific effect, and sγ  is a school effect. Further, captures the average ability of 

peers in subject q of peers in secondary school s as measured by the test scores in a given subject in the 

national tests taken by students at age-11 at the end of primary school. These are denoted as Key Stage 2 

(KS2). Finally, 

qsP

iqsε is an error term, which is composed of a pupil-specific random element that allows for 

any type of correlation within observations of the same student and of the same school. The coefficient of 

interest is δ which captures the effect of having higher or lower ability peers on students’ achievement.  

A summary of the ideas at the base of our empirical strategy is that we compare the test scores of 

a student in three different subjects to the average ability of peers in each of these subjects. Of course, for 

a given pupil, each of these subjects ‘faces’ the same pupil characteristics and the same school 

environment. In a nutshell, pupil fixed-effects (capturing his/her average ability across subjects) and 
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school fixed effects are ‘absorbed’ and taken care of in our specification. Nevertheless, this setup does not 

preclude the possibility that selection and sorting of students also is partly based on subject specific 

abilities of pupils and peers. 

To completely rule out this possibility, we rely on the following ‘natural experiment’: we identify 

a sample of pupils for which there is little or no differences across KS2 test scores in the three subjects, 

but still face substantial variation in the quality of secondary school peers across the three different 

subjects. In this sub-sample, there can not be any correlation between pupil subject-specific ability and 

subject-specific peers’ ability. Therefore any correlation between the KS3 test scores of pupils in 

secondary schools and the ability of their peers (based on their KS2) identifies the causal effect of peer 

quality on educational outcomes. Importantly, in our analysis we will compare estimates based on this 

‘experimental’ sample to the results that we obtain from samples that exhibit some degree of correlation 

between the within-pupil and the within-peers variation in subject-specific abilities. One remarkable 

finding is that our estimates of the ability peer effects do not change as we stretch our sample to include 

pupils in schools that display some subject-specific sorting. In other words, our strategy that controls for a 

student fixed-effect eliminates the sorting/selection and omitted variable biases even in samples that allow 

for high within-pupil across-subject variation in KS2 test scores. 

  As discussed above, we are also interested in finding out which segments of the peer ability 

distribution are driving the mean ability peer effect that we document. Therefore, we also estimate models 

where we add treatment variables that measure the proportion of peers who are very ‘good’ or very ‘bad’. 

To do so, we choose the top and bottom 5% in the (cohort-specific) national distribution of KS2 test 

scores as the cut off point to determine the very high-ability ( ) and the very low-ability ( ) pupils 

(more details in the data section). We then estimate the following equation: 

h
qsP l

qsP

1 2 3
h l

iqs i q s qs qs qs iqsA P P Pα β γ δ δ δ ε= + + + + + +      (2) 

where 2δ measures the effect of the proportion of peers who are in the top 5% of the national distribution 

of KS2 test scores, and 3δ  captures the effect of the proportion of pupils who are in the bottom 5%. 

Lastly, the parameter 1δ measures the effect of the average ability of all other peers.  

Note that since we use four cohorts of data, we add a time subscripts to all variables in the 

equation and estimate the following equation based on pooled cross sections: 

iqst
l

qst
h

qstqstsqiiqst PPPA εδδδγβα ++++++= 1      (3) 

3.2. How We Measure Peers Ability 
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A key requirement for our empirical approach is that our proxies of peer ability are based on a pre-

determined measures of students’ ability that have not been affected by the ability of his/her peers and 

thus do not suffer from reflection problems. As already discussed, the longitudinal structure of the 

administrative data that we use allows us to link peers’ KS2 test scores taken at the end of primary school 

(6th grade) to students’ KS3 achievements three years later, that is 9th grade in secondary school. 

Additionally, by following individuals over time we are able to identify which secondary school students 

come from the same primary, and that is we can identify who the ‘new peers’ and the ‘old peers are. On 

average, about 87% of pupil i’s peers in secondary school did not attend the same primary institution as 

student i, and therefore their KS2 test scores could not be affected by this pupil. Thus, in our analysis, we 

construct peer quality measures separately for ‘new peers’ and ‘old peers’, and focus on the effect of 

former on pupil achievement to avoid reflection problems. Note also that in most of our empirical work 

we include measures of the quality of old peers as additional controls. However our estimates are not 

sensitive at all to the inclusion of these variables because they are practically orthogonal to the measures 

of the ability of new peers (conditional on pupil fixed effects). 

Before moving on two important remarks are worth being made. First, we use information about 

the school that a pupil is attending at age-12 (7th grade), when he/she enters secondary education, to 

define our base population; similarly our three measures of peer quality ‘treatment’ (the good, the bad and 

the average peer quality) are also based on 7th-grade enrollment. This is because any later change in these 

proxies, for example as recorded at KS3, might be endogenous. Second, in implementing this 

methodology, we use the peers’ ability measured at the grade and not at the class level because our data 

does not include class identifiers. However, even if this information had been available to us, we would 

have measured peer ability as described above because class placement might be endogenous, as parents 

and school authorities may have some discretion in placing students in different classes within a grade. 

This is not a very restrictive compromise because in other studies it has been shown that within a given 

school the average peer ability in a grade is highly correlated with the average peer ability in a class, and 

we have no reason to believe it is different in England. 

To sum up, in order to implement our strategy we need to gather detailed information about the 

school where pupils completed their primary education and about the institution at which they start 

secondary schooling. Additionally, we need to link this information to pupil achievements across different 

subjects both at the end of primary school (KS2) and in 9th grade (KS3). In the next section, we describe 

how the English school and pupil census allow us to gather all this information. First, however, we 

provide additional details about the English educational system. 
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4. Data and Descriptive Statistics 

4.1. Institutional Background and Data Construction 

Compulsory education in England is organized into five stages referred to as Key Stages. In the primary 

phase, pupils enter school at age 4-5 in the Foundation Stage then move on to Key Stage 1, spanning ages 

5-6 and 6-7 (these would correspond to the 1st and 2nd grade in other educational system, e.g. in the US). 

At age 7-8 pupils move to Key Stage 2, sometimes – but not usually – with a change of school. At the end 

of Key Stage 2, when they are 10-11 (6th grade), children leave the primary phase and go on to secondary 

school where they progress through Key Stage 3 and 4. Importantly, the vast majority of pupils changes 

schools on transition from the primary to the secondary stage. Although a few schools still operate a 

Middle School system, bridging the primary and secondary phases, these are not considered here. At the 

end of each Key Stage, generally in May, pupils are assessed on the basis of standard national tests 

(SATS), and progress through the phases is measured in terms of Key Stage Levels, ranging between W 

(working towards Level 1) up to Level 5+ during primary education and Level 7 at KS3. Importantly for 

our research, at both KS2 (6th grade) and KS3 (9th grade) students are tested in three core subjects, namely 

Mathematics, Science and English, and their attainment are recorded in terms of the raw test scores, 

spanning the range 0-100, from which the Key Stage Levels discussed here above are derived. 

The UK’s Department for Children, Schools and Families (DCSF) collects a variety of data on all 

pupils and all schools in state education7. This is because the pupil assessment system is used to publish 

school performance tables and because information on pupil numbers and pupil and school characteristics 

is necessary for administrative purposes – in particular to determine funding. In fact, starting from 1996, a 

database exists holding information on each pupil’s assessment record in the Key Stage SATS described 

above, throughout their school career. Additionally, starting from 2002, the DCSF has also carried out the 

Pupil Level Annual Census (PLASC), which records information on pupil’s gender, age, ethnicity, 

language skills, any special educational needs or disabilities, entitlement to free school meals and various 

other pieces of information, including the identity of the school attended during years other than those 

when pupils sit for their Key Stage SATS. The PLASC is integrated with the pupil’s assessment records 

(described above) in the National Pupil Database (NPD), giving a large and detailed dataset on pupil 

characteristics, along with their test histories. Furthermore, various other data sources can be merged in at 

school level using the DCSF Edubase and Annual School Census, which contain details on school 

institutional characteristics (e.g. religious affiliation), demographics of the enrolled students (e.g. fractions 

of pupils eligible for free school meals) and size (e.g. number of pupils on roll and number of teachers at 

the school). 

                                                 
7 The private sector has a market share of about 6-7%. However, very little consistent information exist for pupils 
and schools in the private domain. For this reason, we do not consider private schooling in our analysis. 
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The length of the time series in the data means that it is possible for us to follow the academic 

careers of four cohorts of children through from age-11 (6th grade) to age-14 (9th grade), and to join this 

information to the PLASC data for every year of secondary schooling (7th to 9th grade). More in details, 

from our large and complex initial dataset, we are able to extract information for pupils who finished their 

primary education in the academic years 2000/2001 to 2003/2004, entered their secondary schools in the 

academic years 2001/2002 to 2004/2005, and sat for their KS3 exams in the academic years 2003/2004 to 

2006/2007. Importantly, we use information on these four cohorts as the core dataset in this study because 

this only time window where we can identify the secondary school were pupils start their secondary 

education, and not only the one where they sit for their KS3 national tests. As explained above, this is 

crucial to our analysis because we want to be able to measure peer exposure at the beginning of secondary 

schooling (in 7th grade), and not after two year, at KS3. Our concern here is that students and their parents 

might react to peer quality observed during the first two years of secondary education by changing school. 

This would imply that peer quality measures identified at any later stage are endogenous. Additionally, as 

highlighted above, for every pupil we have information about the primary school where he/she took the 

KS2 exams, which implies that we are able to single-out those secondary school peers that are ‘new 

peers’ from those who instead came from the same primary school (which we label ‘old peers’).  

Using this set of information we construct a variety of peer quality measures based on pupil 

achievements at KS2 in the three core subjects. In order to do so, we start by using the KS2 test scores, 

separately by subject and cohort, to assign each pupil to a percentile in the cohort-specific national 

distribution of KS2 tests for that subject. We then go on to create three separate measures of peer quality. 

First of all, and following the vast majority of studies in the field, we compute the average attainments of 

peers in the grade (excluding the pupil under consideration). Next, we go on to create two measures that 

are meant to capture peer effects coming from very bright and very worst students in the school, namely: 

the fraction of pupils below the 5th percentile or above the 95th percentile of the cohort-specific national 

distribution of Key Stage 2 tests (by subject). Note again that we are able to construct our peer quality 

measures separately for ‘new peers’ and ‘old peers’. 

Before moving on to some descriptive statistics and our core analysis, it is important to discuss 

some restrictions that we have imposed on our data in order to obtain a balanced panel of pupil 

information in a balanced panel of schools with stable characteristics. First of all, we have selected only 

pupils with valid information on their KS2 and KS3 tests for whom we can also match individual 

background characteristics and the identity of the school where they start their secondary education using 

PLSAC. Given the quality of our data, this implies that we drop only less than 2.5% of our initial data. 

Next, we have focused on schools that are open in every year of our analysis, and have further dropped 

secondary schools that have a year-on-year change of entry-cohort size of more than 75% or enrolments 
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below 15 pupils. While the former restriction excludes schools that were exposed to large shocks that 

might confound our analysis, the latter excludes schools that are either extremely small or had many 

missing observations. These restrictions imply that we loose less than 2.5% of our observations. We have 

also excluded selective schools (e.g. Grammar schools) from our analysis, as these schools can actively 

choose their pupils based on their ability (about 8% of our original sample). 

Furthermore, we apply some further restriction based on two of our peer measures, namely the 

fraction of bottom 5% and top 5% pupils in one student’s cohort, in order to exclude schools with 

particularly high or persistently low shares of ‘good’ and ‘bad’ peers. In more details, we drop schools 

where the fractions of pupils below the 5th percentile or above the 95th percentile of the cohort-specific 

KS2 national distribution exceeds 20%, and schools that do not have any variation over the four years in 

the fractions of pupils below the 5th or above the 95th percentile. Importantly, this last restriction 

predominantly trims schools that have no students in either the top 5% or bottom 5% of the ability 

distribution in any year, and thus would not contribute to the identification of peer effects. The two 

combined restrictions imply that we drop an additional 10% of our sample. Since this seems a large share, 

we checked that our main results are not affected when we omit these restrictions. 

In conclusion, our final dataset includes a balanced panel of more than 1,500,000 pupils for 

whom we can observe complete information in terms of KS2 and KS3 test scores, individual and family 

background characteristics, and both primary and secondary school level information from age-11 to age-

14. In the next section, we present some descriptive statistics for various samples. 

4.2 Some Descriptive Statistics 

In Tables 1 we present some descriptive statistics for both the full sample and for our ‘natural experiment’ 

sample of pupils with little or no variation in their KS2 performance across subjects. More precisely, the 

restricted sample only considers pupils for whom the standard deviation in their KS2 percentile ranking 

across the three subjects is at most 3. This roughly includes 6% of our full sample. Further note that the 

we present descriptive statistics separately for pupils in the central part of the ability distribution, that is 

pupils above the 5th percentile and below the 95th percentile of KS2 test score distribution, and students in 

either the top 5% or bottom 5% tails of the ability distribution, that is our ‘good’ and ‘bad’ peers.  

In the top panel of the Table we describe pupils’ test scores at KS2 and KS3. Unsurprisingly, the 

first column shows that for the full sample test score percentiles are centered just below 50, for all 

subjects and at both Key Stages.8 In the second column, we focus instead on our ‘natural experiment’ 

pupils with little or no variation in their KS2 achievement across subjects. Compared to the full sample, 

                                                 
8 They are not exactly equal to 50 because slightly more than one percent of pupils scored zero points in each of the 
subjects and hence all belong to the first percentile. 
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this group achieve on average about 7 percentiles worse in every individual subject. This reflects the fact 

that while many good pupils are equally bright across the three subjects, more pupils tend to be equally 

bad across English, Mathematics and Science. Finally, the last two columns illustrates how pupils with at 

least one subject in either the top 5% or the bottom 5% of the ability distributions score at their KS2 and 

KS3 tests. By construction, pupils in top 5% of the KS2 test score distribution perform much better than 

any other pupil in their KS2 exams, while the opposite is true for pupils in the bottom 5% tail. More 

interestingly, this stark ranking is not changed when we look at KS3 test scores, for all subjects, with little 

evidence of mean reversion in achievements of pupils at the very top and very bottom between age-11 

and age-14. To further substantiate this point, in Appendix Table 1 we analyze more thoroughly the KS3 

percentile ranking of pupils in the top 5% and bottom 5% of the KS2 achievement distribution. The table 

shows that, for all subjects, about 80% of the pupils ranking in the bottom 5% at KS2, rank in the bottom 

20% of the KS3 distribution, and between 60% and 70% of them are in the bottom 10%. At the opposite 

extreme, around 80% of pupils ranking in the top 5% at KS2 remains in the 20% of the KS3 achievement 

distribution, with the vast majority still scoring in the top 10%. This reinforces the idea that our ‘good’ 

peers and ‘bad’ peers are consistently amongst the brightest and worst performers. 

The second panel of Table 1 presents more information on pupil background characteristics. Here 

our selected ‘natural experiment’ sample is virtually identical to the full sample of pupils. On the other 

hand, pupils with at least one subject in the bottom 5% are less likely to have English as their first 

language, are less likely to be of White British ethnic origins and are more likely to be eligible for free 

school meals (FSM, a proxy for family income), while the opposite is true for pupils with at least on 

subject in the top 5%. However, the differences in family background are much less evident than those in 

terms of academic ability presented in Panel A. This suggests that peer ability measures defined in terms 

of pupil background might severely underestimate differences in peers’ academic quality. 

Finally, in Panel C we report school characteristics for the various sub-groups. The average 

cohort size at the start of secondary school in 7th grade is approximately 200, and around two thirds of all 

pupils attend Community schools, while about 15% of the pupils attend a religiously affiliated state-

school. Furthermore, pupils with at least one subject in the top 5% of the ability distribution are less likely 

to attend a Community school and more likely to be in a faith school than pupils in the central part of the 

ability distribution and pupils with at least one subject in the bottom 5%. However, these differences are 

not remarkable. 

In Table 2, we move on to present some descriptive statistics of our treatments, both for the full 

sample and for the ‘natural experiment’ sample of pupils. Statistics are presented separately for all peers 

and for new peers only. Note once again that, as reported at the bottom of the table, on average pupils 

face 87% new schoolmates, although the distribution of new peers is highly right-skewed, with many 
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more pupils facing 100% new schoolmates than zero. Panel A summarizes the average peer quality, 

computed as the average KS2 percentile rank of peers in a given subject (excluding the pupil under 

consideration). Moving across the columns reveals that average peer quality is not dissimilar in the full 

sample and in our ‘natural experiment’ sample. This is very reassuring as it shows that our restriction on 

the variation of pupils’ KS2 achievement across subjects does not affect the quality (and the variation) of 

the peers that the students are confronted with. 

In Panel B and Panel C, we present descriptive statistics for our proxies for ‘good’ and ‘bad’ 

peers. Once again, we present this separately for all peers and new peers. By construction, the fractions of 

top 5% and bottom 5% ‘new peers’ in the incoming cohort are smaller than the respective fractions 

including all peers. However, the descriptive statistics for our experimental sample are virtually identical 

to those for the full sample. Once more, this suggests that students in our ‘natural experiment’ sample are 

exposed to peers of a similar quality as pupils in the full sample.  

5. Evidence on the Validity of the Identification Strategy 

We start our analysis by presenting some evidence on the validity of our identification strategy. To do so, 

we test whether the within-secondary school variation in peers' average KS2 test scores across the three 

subjects is associated with within-pupil variation in KS2 test scores. Figure 1 plots regression coefficients 

and confidence intervals (standard errors clustered at the school level) obtained from regressions of pupil 

KS2 achievements (percentiles) on the average achievement of new peers at KS2. All regressions include 

pupil fixed effects and control for old peer quality. To obtain the figure, 18 different regressions were 

estimated over different cumulative bands of the standard deviation of KS2 attainments across subjects; 

these spanned the interval s.d.≤11.5 to s.d.≤3, in steps of 0.5. The sample defined by a standard deviation 

of at most 3 is our ‘natural experiment’ sample, which includes roughly 6% of the sample. At the opposite 

extreme, the sample with s.d.≤11.5 includes about 50% of the full sample, while the set of pupils with 

s.d.≤7.5 includes about 25% of the full sample. Additional details can be found in the note to the figure. 

Figure 1 shows that in all samples but the one defined by s.d.≤3 there is significant positive 

correlation between one pupil’s own KS2 achievements and the average achievement of his/her new peers 

in secondary school at KS2. This is clear evidence of a significant degree of positive selection and sorting 

into high school even when a student fixed effect is included in the regressions. However, the magnitude 

of this imbalance is dramatically diminished as we reduce the within-pupil variation in KS2 test scores, 

and in our natural experiment sample with s.d.≤3 this correlation is no longer significantly different from 

zero, although it is still positive but very small.  

In Table 3, Column 1, we provide more evidence on the degree of balancing that is achieved in 

the sample of s.d.≤3. Starting from Panel A, OLS estimates (i.e., without student fixed effect) show a 
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strong positive correlation between student characteristics and the KS2 achievements of new peers. 

Equally strong is the OLS relationship between one student’s own KS2 achievements and the KS2 

achievements of his/her new peers. However, as we add a student fixed-effect to the regression, these 

imbalances are eliminated. Obviously, the estimates for student characteristics (which do not vary by 

subject; e.g. free school meals eligibility) are exactly zero, as implied by the nature of the within-pupil 

regression. But adding the pupil fixed effect also eliminates the strong and significant positive correlation 

of pupils’ and their peers' KS2 achievements. Indeed, the OLS estimate of this link is 0.291 whereas the 

within student estimate is 0.002. Of course, we can reduce the latter estimate to exactly zero by reducing 

standard deviation of pupil KS2 achievement to zero, but that will be at the expense of a further reduction 

in the sample size. More interestingly, however, as we will show below, our estimated peer effects will be 

almost identical as we increase the standard deviation to up to 11.5.   

Next, we assess the balancing of pupils’ characteristics with respect to our two other treatments, 

that is the fraction of ‘good’ and ‘bad’ peers. Figure 2 plots regression coefficients and confidence 

intervals obtained from regressing pupil KS2 achievements (percentiles) on the percentage of top 5% 

pupils (new peers) and percentage of the bottom 5% pupils (new peers) in the 7th grade cohort. As for the 

estimates presented in Figure 1, here too all regressions include pupil fixed-effects and control for old 

peer quality; similarly, 18 different regressions were estimated over cumulative bands of the standard 

deviation of the KS2 test scores across subjects to obtain the various point estimates and confidence 

intervals. Figure 2 shows remarkably symmetric convergence from high to zero correlation between each 

of the two treatment measures and the KS2 achievements of pupils as we reduce the within student 

standard deviation in KS2 test scores. The estimate of the effect of the percentage of top 5% new peers is 

positive and significant, but it converges to almost zero and becomes insignificant at s.d. ≤3. 

Symmetrically, the estimate of the effect of the percentage of the bottom 5% new peers is negative and 

significant, until it converges to an insignificant and small negative value at s.d.≤3. These patterns of 

selection and sorting are of course a reflection of the same pattern that we saw in Figure 1 for the 

balancing of the average quality of peers. 

To further illustrate the validity of our strategy, Columns 2 and 3 of Table 3 present OLS and 

within-pupil evidence on balancing of individual characteristics with respect to the top and bottom peer 

quality treatments for the ‘natural experiment’ sample. Note that the estimates of the effects of the top 5% 

peers and bottom 5% peers are obtained from one single regression including both treatments (and 

controls for old peer quality). Similarly to the evidence presented in Column 1, OLS estimates reveal 

large positive selection with respect to the top 5% new peers and strong negative selection relative to the 

bottom 5% new peers. However, the within-pupil regression results suggest that this selection is entirely 

eliminated once controlling for pupil fixed-effects. 
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Overall, by focusing on within-pupil across-subjects variation and concentrating on the sub-

sample of students with little variation in KS2 attainment, we are able to eliminate all the observed 

associations between peer ability and lagged test scores (and pupil, family, school and any other fixed 

characteristics) of secondary school pupils. However, as already noticed, the sample that yields this 

‘experimental’ quality of perfect balancing is not representative of the full sample of secondary pupils in 

England, as it includes a relatively large proportion of low KS2 achievers and a relatively high proportion 

of KS2 achievers (although the former is bigger than the latter). Therefore, we will not be able to 

extrapolate the evidence based on our ‘natural experimental’ sample to the whole population. 

Nevertheless, as already mentioned, the evidence from this ‘natural experiment’ sample is virtually 

identical to the evidence based on larger samples, and in particular on the set pupils with a s.d.≤11.5. As 

this sample is very similar in its mean characteristics to the full sample of pupils (see Appendix Table 2), 

there is little reason to be concerned about the external validity of our results, which potentially apply to 

the whole population of secondary school pupils in England. 

6. Results  

6.1.  Effects of Peer Ability in the Natural Experiment Sample 

We begin our discussion of the results by presenting estimates of the impact of the peer quality on pupil 

outcomes at KS3 obtained using our ‘natural experiment’ sample (s.d. of KS2 ≤3). These are reported in 

Table 4. Columns 1 and 2 present OLS and within-pupil estimates of the effect of average peer quality. 

Next, Columns 3 and 4 present OLS and within-pupil estimates of the effect of the percentage of bottom 

5% peers, while Columns 5 and 6 present estimates of the effect of the percentage of top 5% peers. Note 

that the estimates presented in the top panel are based on two different specifications. The first row 

reports estimates where only the average quality of previous peers (old peers) is included as a control, 

whereas the second row further includes one pupil’s own KS2 attainments. 

The estimates in Column 1 and 2 suggest that average peer quality has a positive effect on 

students' KS3 achievements. However, the within-pupil estimate is about a tenth of the OLS estimate, at 

0.046 versus 0.444. Additionally, while the OLS estimate is highly sensitive to controlling for KS2, the 

within-pupil estimate is virtually identical in both specifications (0.046 and 0.045) and the estimated 

standard error is similarly unaffected. This is not surprising and it is a direct consequence of the perfect 

balancing in this sub-sample of treatment with respect to one pupil’s own KS2 test scores. As for the size 

of the estimated peer effect, a 10 percentile increase in the average quality of peers would increase pupil 

own KS3 test scores by 0.46 of a percentile. This change amounts to around 0.02 of a standard deviation 

of the KS3 test score distribution. Further, the estimated effect implies that if a pupil is moved from the 

worse peer environment we observe in the data (where the average peer achievement in English, 
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Mathematics or Science is at about the 25th percentile) to the best peer environment observed in the data 

(where the average peer achievement in one of the three subjects is around the 75th percentile), his/her 

score will rise by 2.3 percentiles in the national distribution. This gain amounts to 0.08 of the standard 

deviation of the KS3 score distribution. Since our results are estimated from regressions that include pupil 

fixed-effects, it is also instructive to understand how sizeable they are once we rescale them by the 

within-pupil variation in peer quality and KS3 attainments. In this case, we find that a 10 percentile 

increase in average peer quality (about four standard deviations in the within-pupil average peer quality 

distribution) amounts to around 0.06 of a standard deviation in the within-pupil KS3 distribution. 

Is this effect large or small? To answer this question we need to compare our results to the effect 

of other inputs or interventions in secondary schooling but such evidence, especially with well identified 

treatment effects, is limited. Lavy (2009) estimates the effect of instructional time in secondary schools 

using the PISA 2006 data and reports an effect for OECD countries of 0.06 of a standard deviation (of the 

test score distribution) for an additional hour of classroom instruction, or 0.15 when considering the 

within pupil standard deviation of test scores across subjects. Estimates based on data from the UK yield a 

higher effect, 0.05 of a standard deviation for one more hour of school instruction, or 0.20 when focusing 

on within-pupil variation. These estimates imply that the ability peer effects that we estimate here is 

equivalent to the effect of two more hours of instruction in school. Another possible comparison is to the 

effect size of the peer effects estimated in Ammermueller and Pischke (2007) across classes within 

schools in six European countries. This study reports that one standard deviation change in their student 

background measure of peer composition leads to a 0.17 standard deviation change in reading test scores 

of fourth graders. Finally, Gibbons and Telhaj (2009) show that one stand deviation change in average 

peer quality is linked to about 0.05 of a standard deviation in the test score distribution of nine graders, 

although this estimate is still positively biased by endogenous sorting. All in all, in comparison to studies 

that focus on other school inputs and interventions, our estimates capture a medium sized effect. 

 In the next four columns of Table 4 we study whether ‘good’ peers and ‘bad’ peers similarly exert 

an effect on pupils’ attainments at KS3. More precisely, the estimates in Column 3 and 4 present the 

effect of the percentage of the bottom 5% new peers, while the estimates in Columns 5 and -6 report the 

effect of the percentage of the top 5% new peers. Notice that these coefficients are obtained from one 

single regression including both treatments, and controlling for the quality of old peers. These results 

clearly show that having more students from the bottom 5% at school harms the academic performance of 

regular students, while sharing the school environment with more students from the top 5% improves the 

academic performance of regular students. In both cases the estimated effects are not sensitive to the 

inclusion of controls for lagged test scores (KS2). As for Columns 1 and 2, the OLS estimates are much 

larger than the within-pupil estimates, reflecting their large selection bias. Additionally, the peer effect 
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estimate is much larger for the bottom 5% treatment than for the top 5% peer measure, at -0.148 versus 

0.071. The magnitude of the effect of these two treatments can be assessed by scaling it according to the 

minimum and maximum values of the bottom and top treatment variables observed in the data. The 

minimum percentage is 0 for both treatments and the maximum percentage observed in the data is about 

20% in both cases. Therefore a pupil who moves from 0 to 20% for the bottom quality peer environment 

will suffer a decline of KS3 test score of 3 percentiles, which amounts to 0.12 of the standard deviation of 

KS3 test score, or 0.33 if we consider the standard deviation of the within-pupil KS3 distribution. On the 

other hand, improving the peer environment from 0 to 20% in top quality peers will cause an increase of 

about 1.4 percentiles in KS3 test score, implying a change of 0.05 of a standard deviation or 0.18 of the 

standard deviation the within-pupil KS3 distribution. Note that these are rather sizeable changes, as they 

correspond to about 20 standard deviation changes in the within-pupil peer quality distribution, both for 

the top 5% and bottom 5% peers. More modest changes of around four standard deviations in the within-

pupil distribution of ‘good’ and ‘bad’ peers (comparable to those used for the average peer quality here 

above), would respectively imply an increase of about 6% and a decrease of 16% of a standard deviation 

in the within-pupil KS3 distribution. 

For these estimates too we would like to gauge an assessment of their relative size compared to 

other studies. To do so, suppose that our regular students are exposed to the following two treatments 

simultaneously: a reduction in the percentage of top5% and bottom 5% new peers from 5% each to zero 

percent. This change can be viewed as a move towards class homogeneity in terms of ability, that is a sort 

of tracking. This change will improve regular students’ KS3 achievements by about 0.04 of a standard 

deviation (0.03+0.01), or 0.13 of a standard deviation (0.09+0.04) if we consider the within-pupil 

dispersion of KS3 achievements. Interestingly, this effect is consistent with the findings by Duflo et al. 

(2008) who document a 0.14 standard deviation improvement in the test score of pupils in primary 

schools in Kenya after 18 months of random assignment to homogenous (tracked) classes. 

6.2. Effects of Peer Ability in Extended Samples 

We noted earlier in the paper that the our ‘natural experiment’ sample is not representative of the whole 

population of students in England. To shed light on the external validity of our results, in Figures 3 and 4 

we present estimates of the treatment effects alongside with confidence intervals (with standard errors 

clustered at the school level) obtained from 18 separate regressions that progressively use sub-samples 

with larger standard deviations of KS2 attainments across subjects. Note that these sub-sets of pupils are 

identical to those used to check balancing properties of our peer quality treatments (Figures 1 and 2), and 

move go from a s.d.≤3 (including 6% of the sample) to a s.d.≤11.5 (including around 50% of the full 
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sample) in steps of 0.05. All regressions include pupil fixed effects, control for old peer quality and KS2 

pupil own achievement, although our results are not sensitive to the inclusion of any of these controls.  

The remarkable result emerging from Figure 3 is that the estimates obtained from various sub-

samples, and in particular the two samples with s.d.≤3 and s.d.≤11.5, are not remarkably apart from each 

other, being respectively at 0.045 and 0.060. Additionally, their confidence intervals are largely 

overlapping, allowing us to reject the hypothesis that they are different. This evidence suggest that the 

imbalance in KS2 that emerges as we move to larger, less selected and more representative sample (see 

Figure 1), is too small to confound our estimates the effect of average peer quality on students’ own KS3 

test scores in a within-pupil regression. 

Figure 4 presents similar evidence for the effects of ‘good’ peers (top 5%) and ‘bad’ peers 

(bottom 5%) in the 18 sub-samples described above. Again, we obtain a result that shows that the peer 

effects estimated from the sample with s.d.≤3 sample is virtually identical to the peer effects estimated 

from the sample with s.d.≤11.5 sample. Indeed, the top 5% estimated peer effects in these two sets of 

pupils are 0.068 and 0.065, respectively and the line connecting the point estimates of all the other sub-

samples is almost horizontal throughout (and all estimates are significantly different from zero). 

Similarly, the bottom 5% estimated peer effects in the two samples are -0.145 and -0.121, for the smallest 

and largest sample respectively, and all the other estimates fall between these two. Once again, these 

findings are very important as they lend support to the robustness of our identification strategy. Moreover, 

they suggest that the estimates obtained using the ‘natural experiment’ sample have external validity, as 

they remain unaffected when we focus on the sample with s.d.≤11.5 sample, which includes about 50% of 

the whole population of English secondary school students and is representative of their average 

characteristics (see Appendix Table 2). 

Note that we have carried out some additional exercises to check the external validity of our 

estimates based on the sample with s.d.≤3. In particular, rather than using cumulative bands of the 

standard deviation of KS2 attainments to select different sub-samples, we have used the following 

mutually exclusive bins: s.d.≤3 (6% of the sample); s.d.>3 and s.d.≤5.5 (approximately 10% of the 

sample); s.d.>5.5 and s.d.≤8 (approximately 13% of the sample); s.d.>8 and s.d.≤10.5 (approximately 

13% of the sample), and finally s.d.>10.5 and s.d.≤11.5 (approximately 5% of the sample). Even in this 

case, we were unable to reject the null hypothesis that the estimated effects of the ‘good’, the ‘bad’ and 

the average peers are identical across the sub-samples.9

6.3.  The Good, the Bad and the Average: Who has an Effect on Regular Students? 

                                                 
9 The results are not displayed, but are available from the authors. 

 18



As set out in the Introduction, in our research we are interested in trying to disentangle which segments of 

the distribution of peer ability drive the impact of the average peer quality. Stated differently, we want to 

know the ‘nature’ of the ability peer effects estimated above, and understand where these might be 

coming from: do they originate from all parts of the peer ability distribution; or are the estimated effects 

mainly driven by the very weak and the very best students at school? To provide insight about this 

question, we estimate different models that includes all three measures of peer ability that we have used 

so far, namely, the ‘good’, the ‘bad’ and the average peer quality. Table 5 reports the regression 

coefficients and standard errors from a variety of specifications. All regressions include pupil fixed 

effects. Importantly, average peer quality in Panel A is calculated using all pupils in the sample, including 

those in the top and bottom 5% of the KS2 national distribution (as done so far). On the other hand, in 

Panel B, the average peer ability is calculated using only pupils in the full sample that are not in the top 

5% nor in the bottom 5% of the KS2 distribution in any subject. 

For both Panel A and Panel B, Columns 1 to 3 present estimates based on one single regression 

which simultaneously includes all peer quality measures. The results in the two panels are virtually 

identical, suggesting that it does not matter whether the average includes or excludes the top and bottom 

5% new peers. Further, the estimates suggest conclusively that it is the top and bottom peers that have an 

impact on regular students in schools, and not the average peer quality. Indeed, the estimates of the effect 

of the top and bottom peers are very similar to those obtained when the average peer quality was not 

included in the specification (Table 4). On the other hand, the effect of the average peer quality is all but 

washed out in comparison to the our previous estimate when it was included as the only proxy of peers’ 

ability (see Table 4).  

In Columns 4 to 7 we report additional estimates where the average peer quality at KS2 is divided 

into two components: the average for pupils with KS2 percentile below the median (estimates reported in 

Column 4); and the average for pupils with KS2 percentile above the median (Column 5). The estimates 

in Columns 4 to 7 are therefore based on a regression that simultaneously includes four treatment 

measures of peer quality. These regression do not include, however, a control for previous peer quality in 

order to minimize the loss of observations, although the results when these are included are qualitatively 

and quantitatively similar.10 The estimates presented in these four columns lend further support to the 

result that all the peer ability effects come from the tails of its distribution. The effects of the average 

quality of peers below and above the median are smaller the effects presented in Table 4, and not 

statistically significant at any conventional level, while the effects of the bottom 5% peers are only 

                                                 
10 The loss in observation is due to the fact that for several pupils there are no old peers whose KS2 achievements 
are below or above the median of the KS2 distribution. Whenever this is the case, the average quality of old peers 
above/below the median of the KS2 distribution cannot be properly computed and it is assigned a missing value. 
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marginally reduced relative to the estimates in Columns 2 of the table, or in comparison to Table 4, and 

still highly significant. On the other hand, the estimates of the top 5% peers are smaller than before and 

only marginally significant, at approximately the 10% level. This is however due to the fact that this 

specification is rather demanding relative to the small size of our ‘experimental’ sample. Indeed, the 

estimates of the effect of the top 5% new peers obtained from this same specification on the sample with 

s.d.≤11.5 are strongly significant and of similar magnitude. All in all, the broad conclusion from this 

section is that peer effects at school mainly stem from very special students, namely those with very low 

ability and those with very high ability. 

6.4.  Falsification tests 

Before presenting some results regarding the heterogeneity of our estimates, we perform two falsification 

tests to further assess the validity of our strategy. These boil down to ‘mixing’ our treatments across 

subjects in two different ‘artificial’ ways: in Falsification I, we move subjects so that Mathematics 

becomes English, Science becomes Mathematics, and English becomes Science; in Falsification II, 

Mathematics becomes Science, Science becomes English; and English becomes Mathematics. The results 

of these two falsification exercises are presented in Panel B of Table 4. Firstly, note that the OLS 

estimates are of the same sign, although of smaller magnitude, than the OLS estimates based on the true 

treatment measures. However, the within-pupil estimates are much smaller and have opposite sign than 

the true within-pupil estimates. For example, in Falsification I the within-pupil estimate of the average 

peer ability is -0.007 (se=0.014), while the estimate of the true treatment measure is 0.045 (se=0.016). 

The respective estimates for the effect of the bottom 5% peers are 0.029 (se=0.036) and -0.145 

(se=0.040), while these estimates for the effect of the top 5% peers are -0.040 (se=0.031) and 0.068 

(se=0.033). As seen from the comparison of these coefficients, the estimated standard errors are very 

similar (pair-wise), but the point estimates are very different (pair-wise). In Falsification II, the results are 

qualitatively similar although the erroneous treatments have more precise estimates than in Falsification I, 

giving rise to significant estimates but with signs that are, once again, opposite to those of the true 

treatment measures.  

 All in all, we interpret these falsification tests as compelling evidence that our main results do not 

capture a spurious correlation between the within-pupil variation in performance across subjects and the 

peer variation in performance across subjects. Overall, this evidence supports our interpretation of our 

findings in Table 4 and Table 5 as causal. 

 

7.  Allowing for Heterogeneous Effects 

7.1.  Heterogeneity by Students’ Ability 
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In this part of our paper, we test for the presence of heterogeneous effects along a variety of dimensions. 

To start with, we look at whether very good and very bad peers differentially affect students with different 

academic abilities. For this purpose, we stratify the sample into five groups according to the distribution 

of the average of KS2 percentiles across subjects. The percentiles ranges defining the six non-overlapping 

groups are as follows: 5-20; 20-35; 35-50; 50-65; 65-80; and 80-95. Our regression models now include 

interaction terms of the percentages of top 5% peer and bottom 5% peer (separately for old and new 

peers) with a dummy indicating to which of the six non-overlapping KS2 ability groups a pupil belongs 

too. Note that main effects are included and that the effect of KS2 achievements is controlled for semi-

parametrically by interacting pupil own KS2 percentiles with the dummies indicating his/her rank in the 

ability distribution. 

 Our estimates of the effects of the percentage of top 5% peer and the percentage of bottom 5% 

peer in interaction with treated pupils’ ability groups are reported in the two Columns of Table 6. As 

before, these estimates are obtained from one single regression that includes both treatments.11 Column 1 

shows no clear variation in the negative effect of the bottom 5% across ability groups of regular students. 

Although all but one of the interaction terms are negative, none of them is significantly different from 

zero. It seems that the very weak students equally impact all other pupils. On the other hand, the 

interactions between the ability sub-groups of regular students and the top 5% new peers treatment show a 

different and interesting pattern. The positive effect of this treatment is seen in all groups, but for the very 

two top ability sets of regular students. In fact, for students in the group at the 65-80 percentiles the top 

5% peer effect is practically zero (0.125-0.121), while for the students in the 80-95 percentiles group the 

effect is negative (0.125-0.247). This negative estimate implies that good pupils are negatively affected 

by having more good peers around them. Since it is a somewhat unusual finding we checked the 

robustness of this result and found that it persists even in the sample of s.d.<=11.5 

What could explain this result? One possible explanation is that it is a purely mechanical effect: if 

we shift the ability distribution so as to have more of the very best top 5% students at school, this might 

crowd-out students who are in the next ability group (80-95 percentiles) from advanced courses or 

activities, such as Science and Mathematics clubs or special field trips because of limited space available 

in such activities.12 In fact, using our data we can check whether there is any evidence related to this 

crowding-out mechanism. Assume that there is one top-tier class (tracking) for each subject in each 

                                                 
11 Estimates of the average peer effect in the interaction with student ability are not reported, but are available upon 
requests. Broadly speaking, these effects did not show a clear pattern. The estimates for the percentiles 35-50 and 
65-80 are positive and marginally significant, while estimates in the other ability ranges are mostly positive but not 
significant. As we already know that the average peer effects only reflect the impact of the very low and very high 
ability peers, we focus on these two. 
12 Along similar lines, an often used example would advocate that, if we shift the distribution of students from white 
to black, the probability of making the school basketball team goes down for both black and white students. 
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school. In this setting, having many good peers in that subject, would reduce one student’s chances of 

getting into the top class, depress his/her achievements, and hence cause the finding of a negative effect 

of the top 5% of peers on the next most able students.13 If this was the case, then our results should be 

sensitive to the overall cohort size: arguably, in smaller schools that have fewer classes per subject, 

crowding-out of the best class is going to be more costly since the quality-differentials of different classes 

should be larger. 

To check for this possibility, we divide schools into four groups with different cohort-size and re-

estimate our models. The four groups are the quartiles of the cohort size distribution and are defined as 

follows: below 163 pupils, 164 to 201 pupils, 201 to 237 pupils, and cohort-size above 237. Generally, we 

find that peer effects from the top 5% and bottom 5% pupils are estimated to be larger in smaller schools. 

This is not surprising given that pupils’ interactions might be more frequent in schools with smaller 

cohorts. When we limit our sample to ‘natural experiment’ group of pupils with s.d.≤ 3, we find that the 

negative effect of the top 5% peers on pupils in the 80th-95th percentile of the ability distribution is only 

significant in the first two groups of smallest schools. To further probe our results in this direction, we 

then split schools into 10 cohort size deciles and extend the sample to s.d.<=11.5 in order to get larger 

samples and more precision within ability bands. When we do this, we find that the negative effect of top 

peers on the KS3 outcomes of pupils in the 80th-95th percentile of the ability distribution is not sensitive to 

the cohort size and – if anything – the effect seems somewhat weaker in smaller schools. Finally, we 

estimated a variety of models in samples stratified by school types, in particular by religious affiliation, 

and cohort size. Even then, we consistently found that the effect of the top 5% peers on the higher ability 

students remains negative. All in all, this evidence leads us to conclude that the crowding-out channel is 

not important here, although other possible explanations for this negative effect, such as students’ 

competitive pressure, de-motivation and "big-fish-small-pond" mechanisms (Marsh, 2005), must remain 

conjectures given the information in our data. 

Another possible and rather mechanical explanation for why pupils who are good on average 

suffer from having many top 5% peers might be related to mean-reversion. In general, the test score data 

do reveal significant mean reversion. For example, pupils in the 5th-20th percentile at KS2 experience a 4 

percentile point average improvement in their KS3 test score. At the other end of the ability distribution, 

pupils in the 80th-95th KS2 percentile have an average 5.6 percentile deterioration in their average KS3. 

However, the within-pupil standard deviations in KS2 are (by construction) almost constant and 

constrained by ability bands, which means that pupils within the same ability group, in particular those in 

                                                 
13 Note that this result is at odds with the findings reported in Duflo et.al. (2008) that tracking in Kenyan primary 
schools is good for everyone and even for the ‘marginal student’. However, this difference could be due to 
difference in context as the Kenya evidence is based on a very special type of primary schools, with only one multi 
age class (corresponding to 1st to 5th grade) in the school. 
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the 80th-95th KS2 percentile, would be similarly affected by mean-reversion, irrespective of how many 

good peers the interact with. Indeed, our identification relies on across subject differences in KS3 test 

scores and exposure to ‘good’ and ‘bad’ peers for the same pupil. Hence it is not clear why mean 

reversion should be causing the peculiar pattern of heterogeneous effect by student’s ability documented 

in Table 6. Moreover, if mean reversion was to explain our findings, there is no reason to believe this 

should only affect the top of the ability distribution, and not the bottom as well. However, we do not 

observe any significant interaction between either the top 5% peers or the bottom 5% peers and the fact 

that a student ranks low in the KS2 ability distribution (e.g., in the 5th-15th KS2 percentile). 

Nevertheless, to shed further light on this issue, we check whether the pure effect of belonging to 

– say – the top-group in the average KS2 ability distribution (80th-95th percentile) is related to the KS3 

outcomes of students. Our results reveal that there is evidence that simply belonging to the top 15% of 

KS2 ability distribution of regular students negatively affect KS3 outcomes, nor do we find any relation 

for any other ability group. In a nutshell, it is only the interaction between belonging to the top ability 

group and having many new ‘good’ peers that gives rise to the negative coefficients discussed here above. 

Our conclusion therefore is that, although there is significant mean reversion in average scores, this 

cannot be driving our findings.   

7.2. Gender Heterogeneity in Treatment Effects  

Naturally, the heterogeneity of peer effects by gender is also interesting, especially in secondary school 

where the social interactions between boys and girls intensified. In Table 7, we report some results based 

on separate samples for boys and girls and where the peer quality measures capture ‘treatment’ from the 

very weak pupils (bottom 5%) and the very best ones (top 5%). The first row reports the estimates of the 

overall effect in each sample by gender. We find that the effect of the bottom 5% peers is negative in both 

gender groups, although is it much smaller for boys (at -0.065) and hardly significant. Additionally, the 

effect of the top peer group on girls is positive, significant and sizeable at 0.077 (this is comparable to the 

effect reported in Table 4. On the other hand, the effect of the top 5% new peers on boys is negative, at -

0.079, and marginally significant.  

 To further investigate this issue, we study the sign and size of ability peer effects separately of 

boys and girls and in interaction with students’ own ability (as in Table 6). Our results are tabulated in 

Panel B of Table 7. Firstly, we note that our finding of a negative effect of top peers on boys is evident for 

almost all ability groups, but it is largest for the most able among the regular students (and significant for 

this group only). For girls, the effect of top peers is positive for almost all ability groups, but it is 

significantly negative for the most able students. All in all, it seems like a larger representation of top 5% 

peers is less beneficial or even harmful for the best regular students, irrespective of their gender. 
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Since these results are somewhat unexpected, in particular the finding that boys are negatively 

affected by having a high proportion of very bright students at school, we performed a series of checks to 

assess to robustness of our findings. Firstly, we estimated our models using bigger samples, in particular 

by including boys and girls with s.d.<=11.5. The same patterns emerged when the estimates were 

obtained from this larger and more representative set of pupils: the negative effect of the top 5% peers on 

boys is present for most of the ability distribution of regular students, whereas for girls this is still only 

present at the very top. We also pondered whether one possible explanation for this result is that there are 

too few boys relative to girls at the top of the ability distribution to properly estimate separate effects for 

boys and girls in different ability groups, but this does not seem to be the case. Another possible 

explanation is that the negative effect is ‘mechanical’, and once more due to mean-reversion or a ceiling 

effect. However, we have already ruled our this explanation in general for the findings discussed in 

Section 7.1 and there is no valid reason why our arguments would apply differently for boys and girls. 

 Therefore, a natural conclusion is that these effects might be ‘real’ and the question is whether 

this pattern of heterogeneity by gender can be related to other findings in the literature. The stronger 

effects on girls that we find here are consistent with growing evidence that girls are more affected than 

boys by education inputs and interventions. For example, Anderson (2008) shows that three well-known 

early childhood interventions (namely, Abecedarian, Perry and the Early Training Project) had substantial 

short and long term effects on girls, but no effect on boys. Likewise, the Moving to Opportunity 

randomized evaluation of housing vouchers generated clear benefits for girls, with little or even adverse 

effects on boys (Katz et al., 2001). Moreover, some recent studies show a consistent pattern of stronger 

female response to financial incentives in education, with the evidence coming from a surprising variety 

of settings. For example, Angrist and Lavy (forthcoming), report larger effects of achievement incentives 

for girls in high schools in Israel than for boys. Closely related is a recent randomized trial looking at cash 

payments for academic achievement among college freshman: this study also finds clear effects for 

females, but no effect on males (Angrist et al., 2009).14 Finally, a number of public-sector training 

programs generated larger effects on women than men (Lalonde, 1995). 

7.3. Heterogeneity in Treatment Effects and Measures by Family Economic Status  

We conclude our paper by studying whether we can detect some heterogeneity in ability peer effects by 

pupils’ family economic status which we measure by eligibility for free school meals (FSM), a proxy for 

family income. In particular, we are interested in two questions: whether our ability peer effects are 

different for pupils with different family background, and by different levels of ability, and whether the 

                                                 
14 Dynarski and Scott-Clayton (2008) on tuition aid and Garibaldi et al. (2006) on tuition penalties also find larger 
effects for girls than for boys.  
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eligibility for free school meals (or not) of the top 5% and bottom 5% peers themselves gives rise to some 

heterogeneous effects. The answer to the latter question can help us disentangle whether our main 

findings are driven by the academic ability of peers or by their family background. 

 In Table 8, we present some evidence to answer the first question. The structure of this table is 

identical to that of Table 7, except that we now split students into those eligible for FSM and those who 

are not. Panel A presents some estimates obtained by pooling pupils of all ability groups. The results for 

pupils non-eligible for FSM are very similar to those obtained in Table 4 over all students. More 

interestingly, we find that pupils eligible for FSM are affected by a greater margin by both the top 5% and 

bottom 5% peers, relative to our previous findings in Table 4. Note that this is not just because the within-

pupil standard deviation in the two treatments is different for this sub-set of pupils relative to the rest of 

the population. 

 To shed more light on these findings, in Panel B of the table we break down our treatment effect 

estimates by pupils’ own ability, and again separately according to pupils’ eligibility for FSM. The results 

show that our top 5% and bottom 5% peer effects estimates are roughly constant throughout the ability 

distribution of regular students who are eligible for FSM. Importantly, the negative effect of the very 

bright peers on the most able regular pupils documented in Tables 6 and 7 completely disappears among 

pupils from more disadvantaged family background, and this is not just because of lack of precision in our 

estimates: the sign of the interaction effect between being exposed to many talented students and being in 

the 80th-95th percentile of the KS2 test score distribution is positive, although not significant. On the other 

hand, we still find that a higher fraction of top 5% peers has a negative impact on the KS3 attainments of 

pupils who are not eligible for FSM and rank in the highest percentiles of the ability distribution, but the 

overall effect remains positive and significant in the bottom 50 percent of the ability distribution. Finally, 

the negative effect of being exposed to many bed peers is broadly negative across the ability distribution 

for pupils non-eligible for FSM. 

 In Table 9, we present some findings that are related to whether eligibility for FSM (or not) of the 

top 5% and the bottom 5% peers affects the estimates of the treatment effects. The table has three panels: 

Panel A considers all pupils; Panel B focuses on pupils eligible for FSM; and Panel C looks at pupils non-

eligible for FSM. More importantly, our treatments are now split into to four variables: the fraction of 

bottom 5% peers eligible for FSM (Column 1); the fraction of bottom 5% peers non-eligible for FSM 

(Column 2); the fraction of top 5% peers eligible for FSM (Colum 3); and the fraction of top 5% peers 

non-eligible for FSM (Column 4). Note that the treatment variables constructed separately for FSM-

eligible pupils and non-FSM eligible pupils are based on relatively few observations, in particular our 

proxy for the very good FSM-eligible peers and the very bad non-FSM-eligible peers. This is because on 

average only 15% of pupils are eligible for FSM, and they tend to be under-represented in the top 5% of 
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the KS2 distribution (only 5%; see Table 1) and over-represented in the bottom 5% of the KS2 

distribution (up to 30%; see Table 1). Therefore we expect our results to be quite ‘noisy’ and not very 

precisely estimated. Note also that the coefficients tabulated in each panel are obtained from one single 

regressions containing all four treatment variables. 

 Starting from Panel A, we do find some evidence that ‘good’ peers exert a positive effect, while 

‘bad’ peers exert a negative one, on other pupils’ achievements irrespective of their family background. 

There is clear evidence that peers in the bottom 5% of the ability distribution have a negative and 

significant impact on the KS3 achievement of regular students, no matter whether the peers are eligible 

for FSM or not. However, the treatment estimate of bottom 5% pupils from low income families is larger, 

-0.225 versus -0.072, though these impact needs to be re-scaled to account for the higher within-pupil 

standard deviation of the treatment variable in Column (1). Interestingly, moving down the panels of the 

table, we find that these results hold when we consider separately pupils who are eligible for FSM and 

those who are not. Although the effect of the bottom 5% peers who are not-eligible for FSM on pupils 

who themselves are not eligible for FSM is not precisely estimated, the sign and size of the coefficients 

point in the same direction, and we believe the lack of statistical significance is due to the fact that there 

are very few ‘bad’ peers who are not on FSM, in particular when we focus on schools that might contain a 

larger fraction of pupils from better family background (as implicitly done in Panel C). On the other hand, 

the evidence on the effect of the very talented peers on other students is more mixed. Throughout the 

three panels of the table, we find a positive and significant effect of the top 5% pupils who are not eligible 

for FSM. However, the estimated impact of the very bright students eligible for FSM on the KS3 

attainment of regular pupils is not significant. Nevertheless, the size of the coefficient and its sign do 

suggest that very talented pupils still exert a positive effect on other students’ KS3 test scores even when 

they come from a disadvantaged background. Once again, we attribute the lack of precision to the fact 

that there are very few FSM-eligible pupils in the top 5% of the KS2 test score distribution, which implies 

that our proxies are very noisy. In conclusion, we believe the results in this section suggest that overall the 

positive effect of ‘good’ peers and the negative effect of ‘bad’ one are driven by peers’ academic ability, 

and not related to their family background.  

8. Conclusions 

In this paper, we have estimated ability peer effects in schools using data for all secondary schools in 

England for four cohorts of age-14 (9th grade) pupils and measuring the peers’ quality by their academic 

ability as recorded by test scores at age-11 (6th grade). Importantly, in order to shed some light on the 

nature of peer effects, we have estimated both the effect of the average ability of peers, as well as the 
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effect of being at school with a high proportion of very low-ability students or very high-ability ones, on 

the cognitive outcomes of regular students.  

We view our main methodological contribution as twofold. Firstly, we are able to measure peer 

ability by test scores that directly capture the cognitive ability of pupils and that are pre-determined with 

respect to peer interactions in secondary schools, since they are measured at the end of primary education 

before pupils change schools to start their secondary education. Moreover, by focusing only on peer 

quality measures that are based on new peers in secondary schools we were able to completely by-pass 

reflection problems. Secondly, we offer a new approach to measuring peer effects, by focusing on within-

pupil variation in performance across multiple subjects in a setting where peers’ quality is also measured 

by the variation in their ability across subjects. By using student fixed-effect estimation we are 

simultaneously able to fully control for family and school fixed unobservables, and pupil ability that is 

constant across subjects. As some degree of sorting and selection is still evident in our data even when we 

look at the correlation between within-pupil variation and within-peers variation in ability across subjects, 

we proposed to focus on a ‘natural experiment’ sample of pupils with little or no differences in prior 

ability across subjects as measured by their achievements at the end of primary school. In this 

‘experimental’ sample there can be no relationship between within-pupil variation and within-peers 

variation in ability because, by construction, the former exhibit no variation. This limits to the minimum 

that chances that our estimates are biased because of endogenous sorting of pupils or omitted variables. 

Our results show that higher peer average ability at school has a positive and significant effect on 

the achievements of other students. Additionally, we find that a high concentration of very low ability 

students (‘bad’ peers) significantly lowers the academic achievements of regular students, while a high 

concentration of very high ability students (‘good’ peers) significantly increases their academic 

achievements. More importantly, the effect of average peer quality is dominated by the effect of the very 

bright and the very worst peers, which suggests that what matters in the transmission of peer effects in 

secondary schools in England is the concentration of exceptionally able or weak schoolmates. We also 

identify and discuss the heterogeneity of peer effects along a variety of dimensions. One striking result is 

that the very brilliant pupils at school negatively impact the academic performance of boys, and in 

particular those who are among the second highest group at school in terms of ability. On the other hand, 

girls benefit more from having high achievers at school, although there is some evidence that the highest 

ability girls among regular students at school benefit the least (or even loose out) from these interactions. 

Additionally, we find that our results are very similar for pupils eligible for free school meals or not, and 

that the effects of the very bright and very weak schoolmates are not dramatically affected if we break 

down our measures of peers quality according to their free school meals eligibility. This backs our 
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intuition that our peer quality measures mainly capture academic ability, and that our findings are not 

driven by schoolmates’ family background. 

As a general remark, the findings that we have presented in this paper are important because of 

their strong external validity. Our full data includes over 90 percent of four cohorts of pupils in England 

that transit from primary school through to the third year of secondary schooling, and sit for two crucial 

standardized national tests, namely the Key Stage 2 (6th grade) and Key Stage 3 (9th grade). While most of 

our estimates come from the ‘natural experiment’ group of pupils with little variation in test scores at the 

end of primary school, our findings are unaffected when we look at large and more representative sub-set 

of pupils. In particular, when we look at students with a standard deviation of Key Stage 2 test scores 

below 11 points, we confirm that our estimates remain virtually identical. This is very important as this 

sample accounts for 50 percent of the whole population of secondary state-school students in England and 

has characteristics that are representative of those of English student nationwide. Additionally, our 

various samples are large enough to allow us to recover a variety of estimates about the heterogeneity of 

our treatment effects. In this respect, our paper is a direct response to some of the concerns raised by 

Deaton (2009) about the limitations of randomized controlled trials in terms of recovering heterogeneous 

effects and having strong external validity. 

Finally, the peer effect estimates that we present in this paper are of reasonable size. In 

comparison to the effects of classroom instructional time estimated in Lavy (2009), changing the peer 

environment from the worse to the best observed in English secondary schools would be equivalent to 

two more weekly hours of instructional time. Our estimates also imply that if schools were organized in a 

way to include all pupils, but the very bright and the very weak (i.e. a sort of tracking), the change in 

achievements would be equivalent to the effects of full tracking of pupils by ability based on the 

experimental evidence presented in Duflo et a. (2008), with the caveat that their findings come from 

multi-age classes in primary schools in Kenya.  

Do our results overall lend support to tracking of students by ability? Besides any equity 

consideration, there is no simple answer to this question from an efficiency point of view. As already 

mentioned, making schools more homogeneous by excluding both very good and very bad peers would 

result in an overall improvement in students’ performance. However, the results are quite heterogeneous 

according to one pupils’ own ability, gender and eligibility for free school meals. For example, pupils at 

the bottom of the ability distribution would not necessarily benefit nor loose out from more homogenous 

schools, as the beneficial effects of the top 5% peers almost perfectly counterbalance the negative peer 

effect of the bottom 5% students. The opposite is true pupils at the top of the ability distribution, in 

particular for girls, who would significantly gain from not interacting with the very weak and very 

academically bright students. Similarly heterogeneous conclusions can be reached when looking at pupils 
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eligible for free-school meals or not. In conclusion, we believe our findings, despite not providing a one-

size-fit-all policy recommendation, are rich enough to provide a solid ground for insightful interventions 

targeting students’ ability mix as a means to improve learning standards. 
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Tables 
 

Table 1 – Descriptive statistics: pupils’ outcomes, pupils’ background and school characteristics 

Variable Full sample Selected sample 
(std.dev.≤3) 

At least 1 subject top 
5% 

At least 1 subject 
bottom 5% 

Panel A: Pupils’ outcomes   

KS2 percentile, English 49.3 (24.3) 42.0 (29.8) 87.1 (14.8) 8.5 (12.5) 

KS2 percentile, Mathematics 49.4 (24.3) 42.0 (29.9) 87.0 (14.1) 9.4 (13.6) 

KS2 percentile, Science 48.9 (24.3) 41.9 (29.9) 87.7 (13.1) 10.9 (15.5) 

KS3 percentile, English 48.9 (26.0) 43.0 (29.4) 81.2 (18.6) 15.3 (18.2) 

KS3 percentile, Mathematics 49.2 (25.3) 42.6 (29.8) 84.5 (16.3) 14.8 (17.6) 

KS3 percentile, Science 49.2 (25.5) 43.2 (29.9) 84.4 (16.2) 16.0 (17.9) 
     

Panel B: Pupils’ characteristics     

First language is English 0.93 (0.253) 0.93 (0.26) 0.95 (0.21) 0.89 (0.31) 

Eligible for free school meals 0.13 (0.337) 0.16 (0.36) 0.05 (0.22) 0.30 (0.46) 

Male 0.50 (0.500) 0.49 (0.50) 0.48 (0.50) 0.55 (0.50) 

Changed school between Year 7 
and KS3 

0.11 (0.313) 0.11 (0.32) 0.09 (0.29) 0.14 (0.35) 

Ethnicity: White British 0.85 (0.35) 0.85 (0.36) 0.88 (0.32) 0.81 (0.39) 

Ethnicity: White other 0.02 (0.12) 0.02 (0.13) 0.02 (0.13) 0.02 (0.14) 

Ethnicity: Asian 0.05 (0.22) 0.05 (0.22) 0.034 (0.18) 0.07 (0.26) 

Ethnicity: Black 0.03 (0.16) 0.03 (0.16) 0.01 (0.11) 0.04 (0.19) 

Ethnicity: Chinese 0.00 (0.05) 0.00 (0.04) 0.00 (0.07) 0.00 (0.04) 

Ethnicity: Other 0.05 (0.22) 0.05 (0.22) 0.07 (0.21) 0.06 (0.24) 
     

Panel C: School characteristics (Year 7)    

Cohort size   201.7 (57.2)   201.9 (57.4)   204.1 (56.3)    198.8 (58.5) 

Community school 0.67 (0.47) 0.68 (0.47) 0.63 (0.48) 0.73 (0.44) 

Voluntary aided school 0.14 (0.35) 0.14 (0.34) 0.17 (0.38) 0.10 (0.30) 

Voluntary controlled school 0.03 (0.18) 0.03 (0.18) 0.04 (0.19) 0.03 (0.17) 

Foundation school 0.15 (0.36) 0.15 (0.36) 0.16 (0.36) 0.13 (0.34) 

City Technology college school 0.00 (0.05) 0.00 (0.05) 0.00 (0.07) 0.00 (0.03) 

Religiously affiliated school 0.16 (0.37) 0.15 (0.36) 0.19 (0.39) 0.11 (0.32) 
     

Note: Table report means of the listed variables and standard deviation in parenthesis. Number of pupils in full sample: 1,279,514. 
Number of pupils in selected sample: 77,322. Selected sample is composed of pupils with standard deviation of KS2 percentiles across 
subjects ≤3. Full sample and selected sample only include pupils with KS2 achievement in each subject above the 5th percentile and 
below 95th percentile of KS2 cohort-specific national distribution. Number of pupils with at least one subject in top 5% (≥95th 
percentile of KS2 cohort-specific national distribution): 172,634. Number of pupils with at least one subject in bottom 5% (≤5th 
percentile of KS2 cohort-specific national distribution): 130,459. Year 7 refers to the first year in secondary school after transition out 
of primary. KS3 refers to Year 9 when pupil sit for their KS3 assessment. Fractions may not sum to 1. This is due to rounding or 
partially missing information. 



Table 2 – Descriptive statistics of treatments: percentages of pupils in top and bottom 5% of KS2 ability distribution and average KS2 achievements (percentiles) 

 Full sample Selected sample (std.dev.≤3) 

Variable Mean  Std. dev. Min Max Mean  Std. dev. Min Max 

Panel A: Average KS2 percentile treatments         
Average peer achievement at KS2 in English, all peers 49.99 7.55   22.70 75.34 49.51 7.64 23.94 75.23 
Average peer achievement at KS2 in English, new peers 49.79 8.71 1 98 49.42 8.71 1 98 
Average peer achievement at KS2 in Maths, all peers 50.16 6.85   23.94 72.82 49.74 6.95 24.77 72.64 
Average peer achievement at KS2 in Math, new peers 49.94 8.06 1   100 49.62 8.08 1   100 
Average peer achievement at KS2 in Science, all peers 49.93 7.35   25.31 73.83 49.46 7.42 25.54 73.50 
Average peer achievement at KS2 in Science, new peers 49.68 8.35 1   100 49.34 8.37 1   100 

         

Panel B: Top 5% treatments         
Fraction of top 5% in English, all peers 5.14 3.19 0 19.56 5.01 3.17 0 19.56 
Fraction of top 5% in English, new peers 4.22 3.03 0 19.56 4.13 3.01 0 19.55 
Fraction of top 5% in Maths, all peers 4.63 2.70 0 19.87 4.55 2.69 0 19.87 
Fraction of top 5% in Maths, new peers 3.77 2.60 0 19.87 3.72 2.58 0 19.87 
Fraction of top 5% in Science, all peers 4.84 2.92 0 19.86 4.72 2.89 0 19.86 
Fraction of top 5% in Science, new peers 3.91 2.75 0 19.86 3.83 2.72 0 19.82 

         

Panel C: Bottom 5% treatments         
Fraction of bottom 5% in English, all peers 4.64 3.00 0 19.30 4.80 3.07 0 19.30 
Fraction of bottom 5% in English, new peers 3.79 2.78 0 19.30 3.90 2.84 0 19.30 
Fraction of bottom 5% in Maths, all peers 4.68 2.86 0 19.86 4.84 2.93 0 19.86 
Fraction of bottom 5% in Maths, new peers 3.81 2.67 0 19.86 3.91 2.72 0 19.48 
Fraction of bottom 5% in Science, all peers 4.59 3.10 0 19.78 4.76 3.19 0 19.78 
Fraction of bottom 5% in Science, new peers 3.78 2.90 0 19.78 3.89 2.95 0 19.23 
         

Percentages of new peers for pupils in Year 7 87.56 22.66 0 1 87.50 22.55 0 1 
         

Note: Treatment measured in Year 7 when students start secondary school after transition from primary. ‘All peers’ refer to all students in the cohort in Year 7. ‘New peers’ refers to students in Year 7 
in a given cohort that do not come from the same primary school. Average KS2 percentiles of peers always computed excluding the pupil under analysis. 
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Table 3 – Balancing of individual characteristics with respect to treatments, selected sample (std.dev.≤3) 

 Average achievement at KS2 
(percentiles),  new peers 

 Percentage of top 5% 
pupils, new peers 

 Percentage of bottom 5% 
pupils, new peers 

Dependent variable is: (1)  (3)  (5) 
      

Panel A: OLS regression results     
      

First language is English    0.003  

       (0.000)** 

 -0.014 

      (0.001)** 

   0.001  

  (0.001) 

Eligible for free school  

meals 

-0.004  

     (0.000)** 

  0.020  

     (0.001)** 

 -0.006  

      (0.001)** 

Male  0.000  

 (0.001) 

 -0.001 

  (0.001) 

 0.001  

(0.001) 

Changed school between 
Year 7 and KS3 

                       -0.004  

     (0.000)** 

 -0.011 

      (0.001)** 

 -0.017  

      (0.001)** 

Ethnicity: White British  0.003  

     (0.000)** 

 -0.017 

     (0.002)** 

 0.000  

(0.001) 

Ethnicity: White other  0.000 

 (0.001) 

  0.000 

 (0.001) 

 0.000  

(0.001) 

Ethnicity: Asian                       -0.002 

     (0.000)** 

  0.011  

     (0.001)** 

 0.000  

(0.001) 

Ethnicity: Black                       -0.001 

     (0.000)** 

 0.004  

     (0.001)** 

 -0.001  

(0.001) 

Ethnicity: Chinese                       -0.000  

 (0.000) 

                 -0.000  

(0.000) 

 0.000  

(0.001) 

Ethnicity: Other -0.000  

 (0.001) 

 0.001  

  (0.000)* 

 0.000  

(0.001) 

KS2 percentiles  0.291 

     (0.015)** 

                 -1.155  

     (0.044)** 

 1.094  

    (0.047)** 
      

Panel B: Within-pupil regression results     
      

KS2 percentiles  0.002  

 (0.002) 

                 -0.006  

 (0.005) 

 0.005  

(0.004) 
      

Controlling for old peers 
quality 

Yes  Yes  Yes 

Note: The table reports regression coefficients and standard errors in round brackets from regressions of the dependent variables on 
treatments. Estimates of the effects of the percentage of top 5% pupils and percentage of bottom 5% pupils are obtained from one 
single regression including both treatments. Estimates of the effect of average peer achievements at KS2 obtained from a separate 
regression. The table displays the coefficients on treatments based on new peers; all regressions control for quality of old peers. 
Standard error clustered at the school level as identified in Year 7. **: at least 1% significant; *: at least 10% significant. Number of 
observations in Column 1 is 218,184, corresponding to 72,728 pupils; number of schools: 2193. Number of observations in Columns 2 
and 3 is 231,966, corresponding to 77,322 pupils; number of schools: 2194.  

 
 



  
Table 4 – Impact of peer quality on KS3 educational attainments (percentiles), selected sample (std.dev.≤3) 

 Average achievement at KS2 (percentiles),  

 new peers 

 Percentage of bottom 5% pupils,  

new peers 

 Percentage of top 5% pupils,  

new peers 

 (1) (2)  (3) (4)  (5) (6) 

Dependent variable is: OLS Within-pupil  OLS Within-pupil  OLS Within-pupil 
         

Panel A: Main findings         
         

KS3 percentiles 0.444 

   (0.018)** 

0.046 

    (0.016)** 

 -1.225 

    (0.045)** 

-0.148 

    (0.040)** 

 1.088 

    (0.047)** 

0.071 

    (0.033)* 

KS3 percentiles, controlling for KS2 0.224 

   (0.010)** 

0.045 

   (0.016)** 

          -0.486 

    (0.026)** 

-0.145 

     (0.040)** 

 0.324 

    (0.026)** 

0.068 

  (0.033)* 
         

Panel B: Falsification tests         
         

KS3 percentiles, controlling for KS2:  

falsification exercise I 

0.207 

    (0.010)** 

               -0.007 

              (0.014) 

 -0.441 

     (0.026)** 

 0.029 

 (0.036) 

 0.314 

    (0.025)** 

          -0.040 

(0.031) 

KS3 percentiles, controlling for KS2:  

falsification exercise II 

0.202 

    (0.010)** 

              -0.037 

             (0.014)** 

 -0.437 

    (0.027)** 

 0.115 

     (0.045)** 

 0.304 

    (0.025)** 

          -0.027 

(0.029) 
         

Controlling for pupil characteristics Yes Absorbed  Yes Absorbed  Yes Absorbed 

Note: The table reports regression coefficients and standard errors in round brackets from regressions of the dependent variables on treatments. Estimates of the effects of the percentage of top 5% pupils 
and percentage of bottom 5% pupils are obtained from one single regression including both treatments. Estimates of the effect of average peer achievement at KS2 obtained from a separate regression. 
The table displays the coefficients on treatments based on new peers. Regressions in Row 1, 2, 4 and 5 control for quality of old peers; regressions in Row 3 does not control for old peer quality. 
Falsification exercise I mixes treatments across subjects as follows: Maths becomes English; Science becomes Maths; and English becomes Science. Falsification exercise II mixes treatments across 
subjects as follows: Maths becomes Science; Science becomes English; and English becomes Maths. Standard error clustered at the school level as identified in Year 7. **: at least 1% significant; *: at 
least 10% significant. Number of observations in Columns 1 and 2 is 218,184, corresponding to 72,728 pupils; number of schools: 2193. Number of observations in Columns 3 to 6 is 231,966, 
corresponding to 77,322 pupils; number of schools: 2194. Pupil characteristics include: First language is English; Eligible for free school meals; Male; Changed school between year 7 and KS3; 
Ethnicity: White other; Ethnicity: Asian; Ethnicity: Black; Ethnicity: Chinese; Ethnicity: Other. 
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Table 5 – Impact of peer quality on KS3 educational attainments (percentiles): top, bottom and average peer quality simultaneously, selected sample (std.dev.≤3) 

 Average peer KS2, 

 new peers 

Bottom 5% pupils, 

 new peers 

Top 5% pupils,  

new peers 

 Average peer KS2, 

 new peers: below 
median 

Average peer KS2,  

new peers: above 
median 

Bottom 5% pupils,  

new peers 

Top 5% pupils, 

 new peers 

Dependent variable is: (1) (2) (3)  (4) (5) (6) (7) 
       

Panel A: Average peer quality includes top/bottom 5% pupils       
         

KS3 percentiles, controlling for 
KS2 

0.019 

(0.016) 

-0.147 

     (0.041)** 

0.070 

 (0.035)* 

 0.025 

(0.021) 

0.011 

(0.019) 

-0.131 

     (0.041)** 

0.058 

 (0.035) 
         

Panel B: Average peer quality excludes top/bottom 5% pupils       
         

KS3 percentiles, controlling for 
KS2 

0.025 

(0.014) 

-0.148 

     (0.041)** 

0.069 

  (0.035)* 

 0.019 

(0.022) 

0.026 

(0.021) 

-0.137 

     (0.040)** 

0.055 

 (0.034) 
         

Note: The table reports regression coefficients and standard errors in round brackets from regressions of the dependent variables on treatments. All regression include pupils’ fixed effects. Average peer 
quality in Panel A is calculated using all pupils in the sample, including those in the top 5% and bottom 5% of the KS2 cohort-specific national distribution. Average peer quality in Panel B is calculated 
using pupils in the full sample that are not in the top 5% or in the bottom 5% of KS2 cohort-specific national distribution in any subject. Average peer quality at KS2 broken down in Columns 4 and 5 
into: average for pupils with KS2 percentile below median; average for pupils with KS2 percentile above the median. Estimates for Columns 1 to 3 coming from one single regression including 
simultaneously all peer quality measures; estimates for Columns 4 to 7 coming from another regression including simultaneously all peer quality measures. Regressions for results in Columns 1 to 3 
include control for old peer quality; regressions for results in Columns 4 to 7 do not include old peer quality. This is to minimize the loss of observations (see body text for a discussion). Results 
including old peer quality measures in Columns (4) to (7) are qualitatively and quantitatively similar. Standard error clustered at the school level as identified in Year 7. **: at least 1% significant; *: at 
least 10% significant. Number of observations varies depending on specification (approx. 228,000 observations over 76,000 students in 2170 schools). 
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Table 6 – Impact of peer quality on KS3 attainments (percentiles), by ability, selected sample (std.dev.≤3) 

 Percentage of bottom 5% pupils, 

 new peers 

Percentage of top 5% pupils,  

new peers 

Dependent variable is: (1) (2) 
   

KS3 percentiles, controlling for KS2 (baseline)  -0.139 

      (0.040)** 

0.125 

    (0.038)** 

× Percentile 20-35 -0.001 

  (0.085) 

0.100 

(0.076) 

× Percentile 35-50 -0.005 

 (0.012) 

0.026 

(0.093) 

× Percentile 50-65 -0.037 

(0.130) 

                       -0.057 

(0.095) 

× Percentile 65-80                           -0.113 

 (0.139) 

                       -0.121 

(0.089) 

× Percentile 80-95                           0.068 

 (0.098) 

                      -0.247 

  (0.066)** 
   

Controlling for old peers quality (and interactions) Yes Yes 

Note: The table reports regression coefficients and standard errors in round brackets from regressions of the dependent variables on 
treatments. Estimates of the effects of the percentage of top 5% pupils and percentage of bottom 5% pupils are obtained from one 
single regression including both treatments. The table displays the coefficient on treatments based on new peers. All regressions 
control for the quality of old peers. Number of observations in Column 1 and 2 is 231,966, corresponding to 77,322 pupils; number of 
schools: 2194. Standard error clustered at the school level as identified in Year 7. **: at least 1% significant; *: at least 10% 
significant. Interaction terms obtained by interacting the percentage of top 5% pupils and percentage of bottom 5% pupils (separately 
for old and new peers) with a dummy indicating where the pupil ranks in terms of his/her KS2 percentiles on average across subjects. 
The effect of KS2 achievement is controlled for semi-parametrically by interacting pupil KS2 percentiles with the dummies indicating 
his/her rank in the ability distribution. Main effects included. Ability blocks are defined using original KS2 percentiles computed out 
of the cohort-specific national distribution.  
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Table 7 – Impact of peer quality on KS3 attainments (percentiles), by ability and gender, selected sample 

(std.dev.≤3) 

 Boys only  Girls only 

 Percentage of bottom 
5% pupils, 

 new peers 

Percentage of top 
5% pupils,  

new peers 

 Percentage of bottom 
5% pupils, 

 new peers 

Percentage of top 
5% pupils,  

new peers 

Dependent variable is: (1) (2)  (3) (4) 
      

Panel A: Pupils of ability pooled (overall effect)    
      

KS3 percentiles, controlling 
for KS2 (baseline) 

  -0.065 

   (0.049) 

-0.079 

   (0.040)* 

   -0.117 

     (0.049)* 

0.077 

   (0.040)* 
      

Panel B: Ability blocks defined on original KS2 percentiles    
      

KS3 percentiles, controlling 
for KS2 (baseline) 

             -0.096 

  (0.051)* 

0.037 

 (0.049) 

 -0.076 

   (0.053) 

0.141 

   (0.049)** 

× Percentile 20-35 0.046 

(0.119) 

-0.177 

(0.098) 

 -0.086 

 (0.115) 

0.313 

   (0.103)** 

× Percentile 35-50 0.190 

(0.171) 

-0.065 

 (0.132) 

 -0.154 

 (0.157) 

0.040 

(0.126) 

× Percentile 50-65 0.074 

(0.193) 

-0.130 

 (0.137) 

 -0.131 

 (0.172) 

-0.052 

(0.125) 

× Percentile 65-80 0.006 

(0.200) 

-0.156 

 (0.126) 

 -0.218 

 (0.171) 

            -0.206 

(0.116) 

× Percentile 80-95 0.005 

(0.140) 

-0.269 

     (0.094)** 

 0.153 

(0.119) 

            -0.339 

   (0.082)** 
      

Controlling for old peers 
quality (and interactions) 

Yes Yes  Yes Yes 

Note: The table reports regression coefficients and standard errors in round brackets from regressions of the dependent variables on 
treatments. Estimates of the effects of the percentage of top 5% pupils and percentage of bottom 5% pupils obtained from one single 
regression including both treatments. The table displays the coefficient on treatment based on new peers. Two separate regressions run 
for boys and girls. Number of observations for boys: 114,927, corresponding to 38,309 pupils in 2096 schools. Number of observations 
for girls: 117,039, corresponding to 39,013 pupils in 2133 schools. Standard error clustered at the school level. **: at least 1% 
significant; *: at least 10% significant. Interaction terms obtained by interacting the percentage of top 5% pupils and percentage of 
bottom 5% pupils (separately for old and new peers) with a dummy indicating where the pupil ranks in terms of his/her KS2 
percentiles on average across subjects. The effect of KS2 achievement is controlled for semi-parametrically by interacting pupil KS2 
percentiles with the dummies indicating his/her rank in the ability distribution. Main effects included. In Panel B ability blocks are 
defined using original KS2 percentiles computed out of the cohort-specific national distribution.  
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Table 8 – Impact of peer quality on KS3 attainments (percentiles), by ability and free school meal eligibility, 

selected sample (std.dev.≤3) 

 Pupil is eligible for free school meals  

 

Pupil is not eligible for free school meals 

 

 Percentage of bottom 
5% pupils,  new peers 

Percentage of top 5% 
pupils,  new peers 

Percentage of bottom 
5% pupils  new peers 

Percentage of top 5% 
pupils,  new peers 

Dependent variable is: (1) (2) (3) (4) 
  

Panel A: Pupils of ability pooled (overall effect  
  

KS3 percentiles, 
controlling for KS2 

-0.203 

     (0.063)** 

0.113 

  (0.061)* 

-0.121 

    (0.044)** 

0.065 

  (0.034)* 
  

Panel B: Ability blocks defined on original KS2 percentiles  
   

KS3 percentiles, 
controlling for KS2 
(baseline) 

-0.165 

   (0.059)** 

0.123 

(0.065)* 

-0.118 

    (0.047)** 

0.127 

    (0.042)** 

× Percentile 20-35 -0.045 

(0.162) 

0.105 

(0.161) 

0.006 

(0.099) 

0.100 

(0.085) 

× Percentile 35-50 -0.052 

(0.277) 

-0.141 

(0.258) 

-0.007 

(0.133) 

0.050 

(0.099) 

× Percentile 50-65 0.209 

(0.351) 

-0.004 

(0.295) 

-0.088 

(0.142) 

-0.060 

(0.099) 

× Percentile 65-80 -0.568 

(0.404) 

-0.345 

(0.282) 

-0.067 

(0.148) 

-0.101 

(0.094) 

× Percentile 80-95 -0.251 

(0.360) 

0.114 

(0.266) 

0.082 

(0.103) 

-0.258 

   (0.070)** 
   

Controlling for old peers 
quality (and interactions) 

Yes Yes Yes Yes 

Note: The table reports regression coefficients and standard errors in round brackets from regressions of the dependent variables on 
treatments. Estimates of the effects of the percentage of top 5% pupils and percentage of bottom 5% pupils are obtained from one 
single regression including both treatments. The table displays the coefficient on treatments based on new peers. All regressions 
control for the quality of old peers. Two separate regressions were run for pupils eligible and non-eligible for free school meals. 
Number of observations for regressions including pupils eligible for free school meals only: 36,576, corresponding to 12,192 pupils; 
number of schools: 2020. Number of observations regressions including pupils non-eligible for free school meals only: 195,390, 
corresponding to 65,130 pupils; number of schools: 2194. Standard error clustered at the school level as identified in Year 7. **: at 
least 1% significant; *: at least 10% significant. Interaction terms obtained by interacting the percentage of top 5% pupils and 
percentage of bottom 5% pupils (separately for old and new peers) with a dummy indicating where the pupil ranks in terms of his/her 
KS2 percentiles on average across subjects. The effect of KS2 achievement is controlled for semi-parametrically by interacting pupil 
KS2 percentiles with the dummies indicating his/her rank in the ability distribution. Main effects included. Ability blocks are defined 
using original KS2 percentiles computed out of the cohort-specific national distribution. 
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Table 9 – Impact of peer quality on KS3 attainments (percentiles), treatments separately defined by free 

school meal eligibility, selected sample (std.dev.≤11.5),  

 Percentage of bottom 5% pupils, 

 new peers  

Percentage of top 5% pupils, 

 new peers  

 Counting pupils 
eligible for free school 

meals only 

Counting pupils non-
eligible for free school 

meals only  

Counting pupils eligible 
for free school meals 

only  

Counting pupils non-
eligible for free school 

meals only  

Dependent variable is: (1) (2) (3) (4) 
  

Panel A: All pupils  
  

KS3 percentiles, 
controlling for KS2 

-0.225 

    (0.063)** 

-0.072 

 (0.041)* 

0.228 

(0.143) 

0.056 

(0.028)* 
  

Panel B: Pupils eligible for free school meals  
   

KS3 percentiles, 
controlling for KS2 

-0.241 

    (0.084)** 

-0.147 

    (0.054)** 

0.153 

(0.229) 

0.089 

(0.042)* 
  

Pupils not eligible for free school meals   
     

KS3 percentiles, 
controlling for KS2 

-0.204 

   (0.066)** 

-0.056 

(0.043) 

0.254 

(0.142)* 

0.054 

(0.028)* 

     

Controlling for old 
peers quality  

Yes Yes Yes Yes 

Note: The table reports regression coefficients and standard errors in round brackets from regressions of the dependent variables on 
treatments. Estimates of the effects of the percentage of top 5% pupils and percentage of bottom 5% pupils are obtained from one 
single regression including both treatments. The table displays the coefficient on treatments based on new peers and computed 
separately for pupils eligible for free school meals and pupil non-eligible for free school meals. All regressions control for the quality 
of old peers. Number of observations in Panel A: 1,866,516, corresponding to 622,172 pupils; number of schools: 2,194. Number of 
observations in Panel B: 256,467, corresponding to 85,489 pupils; number of schools: 2191. Number of observations in Panel C: 
1,610,049, corresponding to 536,683 pupils; number of schools: 2194. Standard error clustered at the school level as identified in Year 
7. **: at least 1% significant; *: at least 10% significant. Controls for old peers quality also computed separately for pupils eligible for 
free school meals or not. 

 



Appendix Table 1 – Transition matrix: top and bottom 5% pupils at KS2 and their percentile scores at KS3 

 Bottom 25% of KS3  

percentile distribution 

Top 25% of KS3  

percentile distribution 

Rest of the 

distribution  

Not entered  

for exam 

Variable: ≤5 5-10 10-15 15-20 20-25 75-80 80-85 85-90 90-95 95+   
             

Pupil in top 5% in English at KS2 1.01 0.00 0.01 0.03 0.06 6.94 9.07 13.24 17.66 37.59 13.50 0.89 

Pupil in bottom 5% in English at KS2 44.37 18.59 10.15 5.49 3.52 0.53 0.45 0.41 0.26 0.31 11.68 4.24 
             

Pupil in top 5% in Maths at KS2 0.71 0.00 0.01 0.01 0.02 4.97 7.82 12.19 16.48 51.70 5.03 1.06 

Pupil in bottom 5% in Maths at KS2 41.09 28.78 8.97 4.13 2.39 0.46 0.46 0.33 0.28 0.21 9.51 3.39 
             

Pupil in top 5% in Science at KS2 0.81 0.07 0.07 0.08 0.10 5.57 9.48 12.67 16.60 40.95 12.60 1.00 

Pupil in bottom 5% in Science at KS2 32.30 27.91 12.23 6.56 3.95 0.57 0.59 0.34 0.30 0.25 11.88 3.12 
             

Note: Cells present percentages of pupils in a given percentile score range at KS3. Percentiles are computed in the national distribution separately for every  cohort. ‘Not entered for the exam’ includes 
pupils not admitted to sit for the KS3 exams because deemed below the appropriate level by their teachers; students absent on the day of the exam; and students with missing information for the KS3 test 
scores.  
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Appendix Table 2 – Additional descriptive statistics: full sample and sample with standard deviation of KS 

achievements (percentiles) .≤ 11.5 

Variable Full Sample Selected Sample (std.dev.≤11.5) 

Panel A: Pupils’ Outcomes  

KS2 percentile, English 49.3 (24.3) 47.3 (25.6) 

KS2 percentile, Mathematics 49.4 (24.3) 47.2 (25.8) 

KS2 percentile, Science 48.9 (24.3) 46.8 (26.0) 

KS3 percentile, English 48.9 (26.0) 47.6 (27.2) 

KS3 percentile, Mathematics 49.2 (25.3) 47.4 (26.9) 

KS3 percentile, Science 49.2 (25.5) 47.7 (27.3) 
   

Panel B: Pupils’ Characteristics   

First language is English 0.93 (0.25) 0.93 (0.25) 

Eligible for free school meals 0.13 (0.34) 0.14 (0.34) 

Male 0.50 (0.50) 0.49 (0.50) 

Changed school between Year 7 and KS3 0.11 (0.31) 0.11 (0.31) 

Ethnicity: White British 0.85 (0.35) 0.85 (0.35) 

Ethnicity: White other 0.02 (0.12) 0.02 (0.12) 

Ethnicity: Asian 0.05 (0.22) 0.05 (0.22) 

Ethnicity: Black 0.03 (0.16) 0.03 (0.16) 

Ethnicity: Chinese 0.00 (0.05) 0.00 (0.04) 

Ethnicity: Other 0.05 (0.22) 0.05 (0.22) 
   

Panel C: School characteristics (Year 7)   

Cohort size 201.7 (57.2) 201.9 (57.2) 

Community school 0.67 (0.47) 0.67 (0.47) 

Voluntary aided school 0.14 (0.352) 0.14 (0.35) 

Voluntary controlled school 0.03 (0.18) 0.03 (0.18) 

Foundation school 0.15 (0.36) 0.15 (0.36) 

City Technology college school 0.00 (0.05) 0.00 (0.05) 

Religiously affiliated school 0.16 (0.37) 0.16 (0.36) 
   

Note: Table report means of the listed variables and standard deviation in parenthesis. Number of pupils in full sample: 1,279,514. 
Number of pupils in selected sample (std.dev.≤11.5): 622,172. Full sample and selected sample only include pupils with KS2 
achievement in each subject above the 5th percentile and below 95th percentile of KS2 cohort-specific national distribution. Year 7 
refers to the first year in secondary school after transition out of primary. KS3 refers to Year 9 when pupil sit for their KS3 assessment. 
Fractions may not sum to 1. This is due to rounding or partially missing information. 

 



Figures 
 

Figure 1 – Balancing of KS2 with respect to treatment, by cumulative bands of standard deviation of KS attainments (percentiles) 
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Note: The figure plots regression coefficients and confidence intervals (standard errors clustered at the school level) obtained regressing pupil KS2 achievements (percentiles) on the average 
achievement at KS2 of new peers. All regressions include pupil fixed effects and control for old peer quality. 18 different regressions were estimated over different cumulative bands of the standard 
deviation of KS2 attainments across subjects; these spanned the interval std.dev.≤11.5 to std.dev.≤3, in steps of 0.5. Std.dev. ≤3 includes roughly 6% of the sample; std.dev. ≤6 includes roughly 20% of 
the full sample; std.dev. ≤7.5 includes roughly 25% of the full sample; std.dev. ≤9 includes roughly 33% of the full sample; std.dev. ≤11.5 includes roughly 50% of the full sample. 
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Figure 2 – Balancing of KS2 with respect to treatments, by cumulative bands of standard deviation of KS attainments (percentiles) 
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Note: The figure plots regression coefficients and confidence intervals (standard errors clustered at the school level) obtained regressing pupil KS2 achievements (percentiles) on the percentage of top 
5% pupils, new peers, and percentage of bottom 5% pupils, new peers. All regressions include pupil fixed effects and control for old peer quality. 18 different regressions were estimated over different 
cumulative bands of the standard deviation of KS2 attainments across subjects; these spanned the interval std.dev.≤11.5 to std.dev.≤3, in steps of 0.5. Std.dev. ≤3 includes roughly 6% of the sample; 
std.dev. ≤6 includes roughly 20% of the full sample; std.dev. ≤7.5 includes roughly 25% of the full sample; std.dev. ≤9 includes roughly 33% of the full sample; std.dev. ≤11.5 includes roughly 50% of 
the full sample. 
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Figure 3 – Effect of treatments on KS3 percentiles, conditional of KS2, by cumulative bands of standard deviation of KS attainments 
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Note: The figure plots regression coefficients and confidence intervals (standard errors clustered at the school level) obtained regressing pupil KS3 achievements (percentiles) on the average 
achievement at KS2 of new peers. All regressions include pupil fixed effects, control for old peer quality and pupil KS2 achievement (percentiles). 18 different regressions were estimated over different 
cumulative bands of the standard deviation of KS2 attainments across subjects; these spanned the interval std.dev.≤11.5 to std.dev.≤3, in steps of 0.5. Std.dev. ≤3 includes roughly 6% of the sample; 
std.dev. ≤6 includes roughly 20% of the full sample; std.dev. ≤7.5 includes roughly 25% of the full sample; std.dev. ≤9 includes roughly 33% of the full sample; std.dev. ≤11.5 includes roughly 50% of 
the full sample. 
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Figure 4 – Effect of treatments on KS3 percentiles, conditional of KS2, by cumulative bands of standard deviation of KS attainments 
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Note: The figure plots regression coefficients and confidence intervals (standard errors clustered at the school level) obtained regressing pupil KS3 achievements (percentiles) on percentage of top 5% 
pupils, new peers, and the percentage of bottom 5% pupils, new peers. All regressions include pupil fixed effects, control for old peer quality and pupil KS2 achievement (percentiles). 18 different 
regressions were estimated over different cumulative bands of the standard deviation of KS2 attainments across subjects; these spanned the interval std.dev.≤11.5 to std.dev.≤3, in steps of 0.5. Std.dev. 
≤3 includes roughly 6% of the sample; std.dev. ≤6 includes roughly 20% of the full sample; std.dev. ≤7.5 includes roughly 25% of the full sample; std.dev. ≤9 includes roughly 33% of the full sample; 
std.dev. ≤11.5 includes roughly 50% of the full sample. 
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