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Abstract

We combine data from the first wave of the OECD PISA sample with register data for

Denmark to estimate educational peer effects. These datasets combined provide an un-

usually large set of background variables that help alleviate the usual problems of omitted

variables bias, prevalent in much of the empirical literature on peer effects. Quantile re-

gression results show that there may be differential peer group effects at different points

of the conditional test score distribution: The positive and significant peer level effect is

strongest for weak students and is steadily decreasing over the conditional test score dis-

tribution. The effect from a heterogenous peer composition on test scores does affect weak

learners positively, while the effect for good readers is negative, but at all estimated quan-

tiles, the effect is not significantly different from zero. These results combined suggest that

mixing of abilities is the optimal policy to maximize average reading skills in the student

population.

1 Introduction

Inputs in the process of accumulation of human capital operate at different levels. Some

are determined at the level of individual families, others at the level of the whole economy,

others again at the intermediate level of communities, neighborhoods, or social networks.

This is the case with many forms of ”social capital”, e.g. peer effects and role models.

Educational peer effects have long been of interest to social scientists because, if they

exist, they potentially affect the optimal organization of schools. The learning process at

schools depends crucially on how purchased inputs (teachers, buildings, books) combine

with social capital in the production of education. One expects peers to affect achievement

directly (e.g. helping each other with course work) and also via values (e.g. peers acting

as rolemodels).

The question is how best to educate students whose backgrounds and abilities differ

widely. However, the value of ability grouping in schools is a subject of much debate.

Proponents of ability grouping argue that by narrowing the range of student abilities

within a classroom, streaming allows teachers to target instruction at a level more closely

aligned with student needs than is possible in more heterogeneous environments, and that

student interest and participation are increased by ability grouping. On the other hand,

those opposed to ability grouping argue that less gifted students need the presence of their

higher level peers to stimulate learning, while average and even above average students

do not derive substantial academic benefits from being grouped together.

If the individual student’s scholastic achievement depends on the average quality of the
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individual’s peer group, then, depending on the nature of the peer effects, there may be

social gains from grouping together ”high ability” students, or there could be social gains

from spreading high ability students evenly among the population. A welfare question

emerges: is it better to mix children’s qualities in schools, or should one educate them

in groups segregated by ability? Assuming that the social planner seeks to maximize

average academic achievement, the optimal policy turns on whether there are increasing

or decreasing returns to peer groups: with decreasing returns, one should mix children;

with increasing returns they should be segregated by ability. Thus, the optimal policy

becomes an empirical issue.

For governments to design policies that can improve socioeconomic outcomes, it is

critical that the educational production function and the relative importance of peer effects

versus other inputs such as teachers and infrastructure are better understood. It is clearly

difficult to think about improving student outcomes in schools until we know which inputs

matter. This study sheds some light on peer group effects in the Danish — non-selective —

school system.

The challenges of the Danish school system School systems around the world

differ in their extent of ability grouping of students during compulsory education. Some

countries have non-selective school systems (e.g. the Scandinavian countries) that seek

to provide all students with the same opportunities for learning. These countries limit

parental choice of school through fixed school catchment areas, there are no tracks or

streams, and automatic promotion regulates the transition from one grade to the next.

Other countries respond to diversity explicitly by forming groups of students of similar per-

formance levels through various mechanisms of the school system (e.g. Austria, Belgium,

Germany): tracking, streaming, grade retention, to name a few1, with the aim of serving

students according to their specific needs. And in yet other countries, combinations of the

two approaches occur.

While the issue whether or not to stream does not seem to be on the mind of many

European educational researchers or politicians, ability grouping has been an ongoing

debate in the United States for decades. Based on the research produced in the 1980s

on tracking, many schools and school systems have made major efforts to detrack. In

Denmark, a country with a completely non-selective school system, mixed-ability classes

and schools have been the corner stone of the compulsory school system. However, the

disappointing results for Denmark of the PISA (program for International Student As-

sessment) investigation conducted by the OECD (see OECD 2001a) in the year 2000 have

1Tracking usually means ability grouping of students either across schools or within schools for all
subjects, while streaming typically covers ability grouping within schools and for some subjects only. The
practice of making students repeat a grade when his/her results are poor is called grade retention.
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led to a fervent discussion on how to improve the academic achievement of Danish stu-

dents1. Compared to the other Scandinavian countries, Denmark produces relatively few

well-performing students and relatively many poorly performing students. As Danish ex-

penditure on education is among the highest among the OECD countries, any discussion

to yield achievement gains by raising general expenditures is ruled out2.

Denmark is a country with a completely non-selective school system with all students

taught in mixed-ability classes during compulsory schooling. There is almost no ability

grouping at all (only to a very small extent within the classroom), and there is almost

no chance for implicit ability grouping by choosing more or less advanced courses. The

only possibility for parents to choose a specific peer group for their child is at the school

level — either by residential location or by opting out of public school and choosing a

private school with a certain profile. However, even private schools are by no means

elitist in Denmark, but certain types of private schools attract certain types of students

(see Rangvid, 2003). For some years already, there has been an increasing awareness

of the pitfalls of a completely non-selective school system, and this criticism has led to

some within-class grouping. However, within-class grouping requires individual teachers

to manage several different groups of students simultaneously, thereby necessitating that

some groups of students spend considerable time working alone while the teacher is working

with other groups. Also, the PISA results show that Danish schools are comparably weak

at moderating the impact of socioeconomic disadvantage which might be due to the fact

that teaching has been targeted to the average student, while the weak and the strong

students have been left to themselves. For these groups, the parental background may

play a relatively stronger role than for the average student to whom teaching is targeted.

This discussion and the realization that a strong enough differentiation within the class

is not possible without the supply of many more resources in the form of teacher hours

has led to considerations whether to group students across grades by student ability at

least for some of the time. The suggestion has been to stream children during up to three

months of a school year, thus keeping the heterogenous classes intact for the remaining

time. This — rather cautious — suggestion for reform is due to the fact that ability grouping

is commonly viewed as increasing socioeconomic differences rather than moderating them.

By introducing limited and flexible regrouping schemes, the hope is to retrieve the benefits

from tailoring classes to each group’s ability, while maintaining the positive peer group

effects of a mixed-ability class.

1Actually, Denmark performed at the OECD average. However, for Denmark, the other Scandinavian
countries have traditionally been the relevant standard and Denmark underperformed compared to these
countries.

2Also, Graversen and Heinesen (2002) provide evidence based on Danish data that the level of general
school expenditure at best has a very limited effect on educational outcomes.
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In any event, choosing the optimal degree of ability grouping is difficult; and the

optimal strategy is not only a matter of how and for how long to group students, but also

one of teacher attitude toward classes of varying abilities, curriculum issues like keeping

academic standards up also in low ability classes, etc.

Results from the literature The influence of peers on students’ achievement has

been a topic of extensive empirical and theoretical research. The peer group is undeniably

important in the minds of parents. Even in a mixed-ability school system, peer group

choice is exercised as residential location decisions of families have an implicit if not ex-

plicit peer group component (thus choosing between public schools). The role of peers

has entered increasingly into theoretical analyses of school choice3. But do peers have a

(measurable) impact on student performance? The findings in the existing literature on

peer effects are ambiguous. The standard approach to measuring peer effects regresses

students’ own outcomes on the peer ”quality” in the class or school (e.g. Summers and

Wolfe 1977; Henderson, Miezkowski, and Sauvageau, 1978; Betts and Morell, 1999; Zim-

mer and Toma, 2000). These studies on peer effects in a variety of countries all find

important educational peer effects4.

Generally, it is difficult to interpret coefficients obtained from this standard approach,

because individuals self-select into peer groups. This makes it difficult to distinguish the

selection effect from any actual peer effect. There are several approaches to dealing with

this sort of bias. Various authors attempt to solve the selection problem by designing

instruments for the peer group that are assumed to be exogenous. However, finding

credible instruments is difficult. Feinstein and Symons (1999) use local authority area

dummies to instrument for peer groups. The instrument is tested to be valid, but no

test of strength is reported. In a study of peer group effects on academic achievement,

Robertson and Symons (1996) employ regions of birth indicators to deal with the bias.

However, they do not present any formal or informal test of validity of the instruments.

In a recent study on another subsample of the PISA 2000 data we use in the present

study5, Fertig (2003) estimates the effect of a heterogenous classroom on reading skills,

3Starting from the observation that many people express concern about other students, a variety of
analyses (e.g. Benabou 1993, 1996; Caucutt, 2001, forthcoming; de Bartolome, 1990; Epple and Romano,
1998; Nechyba 1999, 2000) have examined how financing mechanisms, particularly vouchers, interact with
demands of families for different peers. Epple, Newlon, and Romano (2002) analyze the effects of ability
grouping on school competition. Also in club theory, peer group effects have been incorporated. Standard
club theory shows that homogenous clubs are superior to mixed clubs on efficiency grounds (Berglas and
Pines 1981). Brueckner and Lee (1989) show in a variation on the standard club model that mixed clubs
can be optimal when there are peer group effects.

4However, the size and significance of the peer effect for different groups of students differs across
studies.

5Fertig uses the US subsample, while we employ the Danish subsample of the international PISA 2000
data.
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using school selectivity, whether the school is a private school, and variables reflecting the

"caring behaviour" of parents as instruments. However, in spite of the fact that there

are multiple instruments, no test of overidentifying restrictions is offered to validate the

instruments.

In the closely related tracking literature, additional instruments for the peer group

have been suggested, e.g. regional indicators, urbanicity indicators and student body

characteristics (Argys, Rees and Brewer, 1996); two and three way interactions of three

variables: the number of academic courses required for state graduation, the number of

schools in the county, the fraction of voters in the county who voted for President Reagan

in the 1984 election (Figlio and Page, 2000); the percentage of black students in the school,

the percentage of students who receive full federal lunch assistance at the school, and the

students’ test score relative to the average for their grade (Betts and Shkolnik, 2000).

Some recent papers argue that estimating traditional ”average effect” models do not

give the full picture of the peer group effect, because they estimate the effect only for

the average student6. This may produce misleading results if peer group effects differ for

high and low ability students. By applying quantile regression techniques, it is possible to

give a more complete picture, because the peer effect can be estimated at all points of the

conditional test score distribution. Levin (2001) estimates peer group effects by quantile

regression techniques and finds that the number of similar classmates has the largest effect

on achievement of individuals at the lowest quantiles and that the peer effect experiences a

considerable monotonic decrease as one goes up the conditional achievement distribution,

and becomes insignificantly different from zero by the 90th percentile. Levin argues that

students at the lower end of the conditional achievement distribution are ”dependent”

learners relative to their higher achieving classmates for whom the effect of having similar

peers is negligible.

Despite of the attempts made in the literature, finding credible instruments seems to

be difficult7. Also, the results of the peer effect yielded in these studies are ambiguous.

Contribution In this study we provide evidence on the effect of ability grouping

by exploiting the degree of ability grouping across schools that is present in the existing

school system in Denmark: peer groups vary across schools due to geographical clustering

of families with different socioeconomic background and due to parental choice between

6However, several studies conduct subsample analyses of the peer effect.
7This is especially true for observational cross section data. When panel data, natural experiments or

even true experimental data are available, there are additional possibilities, see e.g. Hanushek et al. , 2003;
Lavy, 1999; and Goldhaber and Brewer, 1997 for panel data and Boozer and Cacciola, 2001; Sacerdote,
2001; Zimmerman, 1999; and Hoxby (2000) for natural experiment; and Falk and Ichino (2003) for a true
experiment in a different context.
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the local public school and a range of private schools.

This is the first study on peer effects in Denmark, and one of the first studies on peer

effects to exploit the riches of the newly released PISA dataset8. The first wave of the

OECD PISA study provides a number of informative peer group variables as well as family

background variables. We use data from the first wave of the PISA study combined with

register-based data on the students’ backgrounds to estimate the effects of the level and

the variance of peer ability on the individual student’s educational achievement.

A crucial technical question we raise in this paper concerns the estimation of these

peer group effects by empirical methods. Due to the unavailability of suitable instruments

to account for self-selection into a peer group, we turn to a different strategy. The ability

to distinguish the separate effects of individual and school factors from those of peers

depends crucially on observing and measuring the inputs into students’ performance. The

typical analysis, however, does not have perfect measures of either family background or

school inputs. Thus, the endogeneity bias in our setting is basically an omitted variables

bias. Our strategy is to eliminate as much as possible of this bias by including variables

for parental characteristics that are typically thought to introduce the bias. While cer-

tainly not being "perfect" measures, yet, we have information available that permits us

to control for these effects, e.g. data on so-called parental academic interest, on home

educational resources, cultural interest, etc. (see section 2) — all variables which are un-

observed in ordinary datasets, but are thought to affect both parental choice of peers

and other (unobserved) parental input into the child’s schooling. Also, we estimate the

peer effect both for the average student and — using quantile regression techniques — at

different points of the conditional test score distribution to find out, whether high and low

performing students are affected differently by changes in the peer group. The effect of

class composition on academic achievement is explained via two main effects. The first is

the mean peer effect, namely externalities that are induced by the composition of teaching

and learning environment. The second is the efficiency effect, which reflects the reduced

ability of the teacher to teach and of the pupil to learn in a heterogenous environment.

We show that after controlling for a broad range of factors, there remains a statisti-

cally significant positive effect of the average of peer group quality with OLS estimation.

However, peer group heterogeneity does not seem to play an important role in Danish

classrooms, once the peer group level has been accounted for. Quantile regression evi-

dence reveals important differences of the peer effects at different parts of the conditional

8Two OECD (2001a, 2002) reports based on the dataset we employ in this study briefly address the
issue of peer effect. The effect of the peer group is also briefly discussed in the Danish National PISA
report (2001). All studies find that peer group effects for Denmark exist, but the impact is far below the
OECD average.
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test score distribution. While the peer level effect is positive and significant at all esti-

mated quantiles, the point estimates are highest for weak readers and decrease steadily

over the conditional test score distribution. Also the peer heterogeneity effect is highest

at the lower quantiles, but unlike the peer average effect, it is imprecisely estimated for

all quantiles, and turns even negative (but is still insignificant) at the highest quantile.

The paper proceeds as follows. Section 2 presents the empirical framework. The

following section details the data. Section 4 reports results and sensitivity analyses, while

the last section concludes.

2 The empirical framework

To examine peer effects, we employ a standard education production function model.

These models estimate outcomes, e.g. test scores, as a function of the cumulative influence

of family and school inputs, the peers of the student, and individual characteristics of the

student. Conceptually, the model to be estimated is:

Aij = βXij + γSj + δPj + εij (1)

where Aij is achievement for student i at school j, Xij is a vector of individual and

family background influences, Sj is vector of school inputs, Pj is peer influence, and εij is

an error term.

If the student’s peer group is randomly assigned, or at least not systematically corre-

lated with unobserved factors influencing both the choice of the peer group and academic

achievement, then equation 1 provides us with an unbiased estimate of the peer group

effect, δ.

However, our concern is that the ”peer group” is often itself a matter of individual

choice, as is the implication of the classical Tiebout (1956) model of local finance. In a

Tiebout world, individual households, in making their locational choice, are also choosing

a peer group for many local services, including local public schools. In this setting, the

peer group becomes an endogenous variable, determined in part by household choice. Once

this is recognized, it is clear that models that do not correct for this kind of selectivity are

inappropriate. Thus, if students (or their parents) select into ability groups on the basis of

unobserved factors such as motivation or unobservable school quality, and if these factors

are, in turn, correlated with achievement, this approach will yield biased estimates of the

peer group effect. Formally, the error term in the selection equation may be correlated

with the error term of the achievement equation.

We suspect that simple models are likely to overstate peer group effects. Consider a
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child with parents who do place a lot of importance on their child’s education. This child

will be a high-achiever in school for two reasons. First, the parents will choose a school

for their child with a positive learning environment, including a good peer group. Second,

the child will do better in school because the parents will encourage and back up their

child to reach a high academic level, i.e. parents who are exceptionally ambitious for their

children (in a manner unobserved by the econometrician) will choose high levels of the

productive inputs, e.g. the peer group, as well as aiding their child directly. If this type

of parental conduct is unobserved, empirical studies will tend mistakenly to allocate the

effect of the unobserved extra parental influence to the peer group.

There are several possible solutions to this problem. As discussed in the Introduction,

other authors have used such different approaches as instrumental variables methods,

panel data fixed effects estimators and quasi-experimental methods. However, due to

data limitations, (we do not have neither panel data, nor experimental data available for

our study) we cannot employ panel data techniques, neither do we have experimental

data. Moreover, according to our judgement, no study in the existing literature has come

up with convincing instruments.

Another strategy is to find a dataset which provides the researcher with data for the

relevant characteristics, which, when omitted due to data unavailability, introduce the

selectivity bias into single equation estimates. This is the strategy we will adopt in the

present paper: we shall deal with the bias, or at least reduce its effect, by including e.g.

data on parental academic interest and home educational resources — variables which are

unobserved in typical datasets, but are thought to affect both parental choice of peers and

other parental input into the child’s schooling.

We can do so, because basically, the selectivity problem is a problem of omitted vari-

ables. If we condition on all relevant variables, i.e. there were no unobservable character-

istics related to both the peer choice and the academic achievement equation, then single

equation models yield unbiased estimates. Thus, recall equation 1 and assume that the

vector of relevant family background variables9 can be decomposed into two parts: observ-

able characteristics, X1, such as gender, ethnicity, parental education, income, and family

structure, which are included in the typical empirical estimation in the literature; and un-

observable characteristics, X2, such as parental ambition, parental time spend with their

child, encouragement and support in their children’s education, etc., which are omitted

from the typical estimation in the literature, due to data unavailability.

9We suspect that in this setting the most important part of the bias is due to unobserved family charac-
teristics — as the parents usually choose school for their child and at the same time parental characteristics
are the most important predictor of the child’s academic achievement.
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Hence, the true model is

Aij = (β1X1ij + β2X2ij) + γSj + δPj + εij (2)

but the typical study estimates

Aij = β∗X1ij + γ∗Sj + δ∗Pj + νij (3)

where the error term now consists of unobservable family characteristics as well as a

random component (where νij = β02X2ij + εij). Thus by omitting X2ij , the estimation

of (3) may overstate the total effect of the peer group on academic achievement, because

omitted factors (X2ij) will not be included in the explained portion of the variance in

student achievement.

The obvious solution to this problem is to utilize data which include the relevant

variables in X2ij , or at least good proxies for them. In the present paper, the strategy is

to eliminate as much as possible of this bias by including variables for particularly parental

characteristics that are typically suspected of introducing the bias.

A main focus in the OECDs PISA study is the concept of family background influences.

Parental interest in the child’s education is regarded as one of the strongest predictors

for achievement in schools, and several questions in the student questionnaire aim to

tap information about the students’ home social background. In PISA, apart from the

usually collected variables on parental education, occupation, income and wealth, several

constructs related to family background variables that typically remain unobserved have

been derived from the student questionnaire. An important variable provided by the PISA

data is on parents’ support for their children’s education, which is widely recognized to be

an essential factor for success in school. When parents interact and communicate well with

their children, they can offer encouragement, demonstrate their interest in their children’s

progress, and otherwise show their concern for how their children are doing in school.

PISA divides parental involvement with their children into two indices: parental academic

interest and social communication. Parental academic interest is intended to measure

the level of academic and, more broadly, cultural competence in the student’s home.

Importantly, the construct also incorporates whether parents engage in these activities

together with their children. Social communication is designed to explicitly measure home

social capital, which means both parental involvement with their child in school matters

specifically, but also interest in the child’s life in general.

PISA also provides data on several other factors about the students’ home background

which are thought to be related to educational success. Student’s cultural activity focuses
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on the student’s own cultural activities. Even though the construct clearly focuses on the

student’s own activities, there are strong reasons to believe that the tendency among 15-

year-olds to attend these kinds of activities is strongly linked to parental preferences and

practices. Home cultural possessions like classical literature, poetry and paintings have

frequently been shown to be related to educational success. Home educational resources

such as a desk for studying, textbooks, and computers focus on home resources that are

directly useful for the student’s schoolwork. These aspects of the home environment could

be said to indicate an academic orientation.

Thus, the PISA data give a wealth of information on the student parental background

that is usually unobserved by the econometrician, but is a potential source of the kind

of omitted variables bias described above. As will be shown, conditioning our estimates

on this extensive set of explanatory variables will produce estimates, where the bias is

significantly reduced.

Estimation methods We start by estimating peer effects by Ordinary Least Squares

(OLS), i.e. in an ”average causal effect” setting. We use sample weights as our sample is

stratified.

Most of the empirical work on peer effects focuses on average peer effects. However,

the standard methodology may miss how school resources affect achievement differently

at different points of the conditional test score distribution. For example, while the peer

group composition may not matter for average test scores, it would be useful to know

whether the true effect is zero at all points of the conditional test score distribution, or

whether the zero average effect covers up positive effects at some points of the distribution

and negative ones at others. This is especially relevant in the setting of peer composition,

if our analysis is to be relevant for policy advice: we must consider the best equilibrium

outcome, as giving a student a good peer is to take that peer away from someone else.

Thus, if weak readers profit from a better peer group, it is obvious that the best strategy

is mixing only if high-ability students are unaffected. With quantile regression, we are not

only able to address the question whether peer groups matter, but also for whom does the

peer group matter?

Over and above of allowing the researcher to focus on quantile treatment effects rather

than on average treatment effects, the quantile regression method has several other virtues.

First, the quantile regression estimator gives less weight to outlier data points on the de-

pendent variable than OLS, which weakens the impact such data points might have on

the results. In other words, every observation of the dependent variable can be made arbi-

trarily big or small without changing the results, as long as it does not cross the estimated

(hyper-) plane. Second, by allowing the parameter estimates for the marginal effects of the
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explanatory variables to differ across the quantiles of the dependent variable, robustness

to potential heteroscedasticity is achieved. Third, when the error terms are non-normal,

quantile regression estimators may be more efficient than least squares estimators. The

main advantage, though, is the semi-parametric nature of the approach, which relaxes

the restrictions on the parameters to be constant across the entire distribution of the

dependent variables.

To appreciate quantile regression methods, it is worth emphasizing what quantile re-

gression is not about. Something like quantile regression cannot be achieved by dividing

the response variable into subsets according to its unconditional distribution and then do-

ing OLS on these subsets. This form of "truncation on the dependent variable" is clearly

not permissible. It is thus important to recognize that even for the extreme quantiles all

the sample observations are used in the process of quantile regression fitting.

The only paper we are aware of estimating peer group effects by quantile regression

methods is Levin (2001)10. However, in a slightly different context, Eide and Showalter

(1998) have used quantile regression techniques to estimate the effect of school resources

on test scores.

Originally, quantile regressions were suggested by Koenker and Basset (1978) as a

”robust” regression technique alternative to Ordinary Least Squares for the case when

the errors are not normally distributed. More recently, the quantile regression technique

has been applied not because of its robust property, but because of its feature to estimate

effects at different points of the conditional outcome distribution.

The basic quantile regression model specifies the conditional quantile as a linear func-

tion of covariates. For the θth quantile, a common way to write the model (see, e.g.

Buchinsky, 1998) is

yi= x0iβθ+uθi, Quantθ(yi|xi) = x0iβθ θ ∈ (0, 1) (4)

where Quantθ(yi|xi) denotes the quantile of yi, conditional on the regressor vector xi.
The distribution of the error term is left unspecified. It is only assumed that uθi satisfies

the quantile restriction Quantθ(uθi|xi) = 0. The θth regression quantile (0 < θ < 1) of y

is the solution to the minimization of the sum of absolute deviations residuals

min
β

1

n

 X
i:yi≥x0iβ

θ
¯̄
yi − x0iβ

¯̄
+
X

i:yi<x0iβ

(1− θ)
¯̄
yi − x0iβ

¯̄ (5)

The variation in the value of θ traces the entire distribution of test scores and one can

10However, several studies estimate peer effects on subgroup of students, where the sample is divided
into subsets defined according to the independent variables.
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estimate the peer effect on reading scores at any given percentile. The important feature

of this framework is that the marginal effects of the covariates, given by βθ, may differ

over quantiles (i.e., different values of θ). In the special case where yi = x0iβ + ui (with

ui homoscedastic), the marginal effects at every quantile will be the same11. Variation

in the estimated peer effects across the quantiles of the conditional distribution of read-

ing scores may be an indication of heterogenous peer effects. Therefore, we estimate an

education production function at different quantiles (θ = 0.1, 0.25, 0.5, 0.75, 0.9), and ex-

amine whether there is homogeneity in the effect of peers on individual reading literacy,

by testing for the equality of the peer effect coefficients across the quantiles.

Different quantiles are estimated by weighting the residuals differently. For the me-

dian regression, all residuals receive equal weight. However, when estimating the 75th

percentile, negative residuals are weighted by 0.25 and positive residuals by 0.75. The

criterion is minimized, when 75 percent of the residuals are negative. This is set up

as a linear programming problem and solved. Algorithms based on the least absolute

deviations criterion are available in order to obtain estimates.

While finding the solution to (5) is straightforward, the estimation of the variance-

covariance matrix is not. For the case of homoscedastic residuals, Koenker and Bassett

(1982) propose a formula. However, Rogers (1992) and Gould (1992) argue that, while this

method works adequately under the assumption of homoscedastic errors, it underestimates

the standard errors in the presence of heteroscedasticity, which is especially troublesome

as heteroscedasticity is often the reason for using quantile regression in the first place12.

It is therefore important to use some other method for estimating standard errors, such

as bootstrap re-sampling techniques. In the present study, standard errors are obtained

by bootstrapping the entire vector of observations. We use the design matrix bootstrap,

where pairs (xi,yi) i=1,...,n are drawn at random from the original observations with

replacement. For each of these samples drawn, an estimator of the parameters vector, βθ
is recomputed. Repeating this procedure B times yields a sample of B parameter vectors

whose sample covariance matrix constitutes a valid estimator of the covariance matrix

of the original estimator. This procedure is automated in the Stata statistical package.

However, the question of how to choose the number of bootstrap repetitions remains.

Andrews and Buchinsky (2000) suggest a three-step method to choose the number for

which they provide Monte Carlo simulations in Andrews and Buchinsky (2001). Their

findings are that the number of bootstrap repetitions commonly used in econometric

applications is much less than needed to achieve accurate bootstrap quantities. As the

11The slope coefficients on any variable will be the same across quantiles, though the intercept will differ
across quantiles.
12 In our paper, the analytically calculated standard errors were up to 25% smaller than the bootstrapped

errors.
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sufficient number of bootstrap repetitions is inversely related to sample size, we chose the

number of 200 bootstrap repetitions.

If peer effects are homogenous across the conditional distribution, we would expect

the slope coefficients estimated at the quantiles to be equal. A method to formally test

the presence of heterogeneity in the peer effects is to test whether the observed differences

along the estimated coefficients are statistically significant across quantiles. Equality of

selected subsets of parameters between quantiles may be tested by estimating all quan-

tile equations simultaneously and thereby obtaining an estimate of the entire variance-

covariance matrix (including between-quantiles blocks) of the estimators by bootstrapping.

Thus, tests concerning coefficients across equations can be performed. For example, a test

of the hypothesis of heterogeneity (βθ 6= βδ for some θ) can be based on a test of whether

the estimated peer effect coefficients differ across quantiles.

3 Data

Sample We use data for Denmark from the OECD program for International Student

Assessment (PISA). The first PISA survey was conducted in the year 2000 in 32 countries.

PISA 2000 surveyed reading literacy, mathematical literacy and scientific literacy. In this

study, we use only reading test scores as our academic achievement measure13. The test

focusses on the demonstration of knowledge and skills in a form that is relevant to everyday

life challenges rather than how well students had mastered a specific school curriculum.

Students were tested in three "type of reading" tasks: retrieving information, interpreting

texts, and reflection and evaluation. To facilitate the interpretation of the scores assigned

to students, scores from these three tasks were summarized in a combined reading literacy

scale. This scale was designed to have an OECD average score of 500 points and a

standard deviation of 100 points. In Denmark, the test score distribution is rather tight

with a standard deviation of only 93 points compared to the OECD average of 100 points.

In addition to the reading literacy test, students answered a background questionnaire

and school principals completed a questionnaire about their school. In Denmark, the

sample is stratified by school size (very small, small and big schools). Within the strata,

schools were selected in a specific way so each student had an equal opportunity to be

selected irrespective of the size of the school or the class. Within each school, 28 students

aged 15 were selected randomly for participation14. For Denmark, the final PISA sample

consists of 223 participating schools with 4212 students corresponding to a responsrate of

13While the reading test was administered to every student participating in the assessment, the mathe-
matics and the science tests were only given to one out of two students, thus rendering the mathematics
and science samples too small to obtain reliable estimates.
14 In schools with less than 28 15-year-old students, all of them participated.
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87 percent.

Register data As our identification approach is to minimize the amount of unobserved

characteristics which might influence both peer group choice and educational achievement,

we use Danish register data in addition to the PISA survey data, to complement the picture

of the family background available from the PISA data. Some variables are available both

from the survey and from registers.

The use of register data added information on parents’ income, type of housing,

whether the parents were "teens" when their child was born, a more complete measure

of parental education (e.g. detailing the length of tertiary education), and the amount

of parental unemployment in the year when the student was 15 years old. Other in-

formation, such as information on the family structure, is also available from the PISA

questionnaire, but can now be cross-checked with registerdata. In section 4, we conduct

selectivity analyses to check for disparities between survey and register variables.

We relied on several criteria to select the sample for our study from the larger PISA

sample. First, we restricted the sample to students attending schools for which PISA

provided data for at least 15 students. This restriction is necessary because for use in

the estimation, we construct peer measures from mean characteristics of the 15-year-old

students in a school, and we prefer to be sure of some minimum number of observations

for each school. The minimum number of 15 students might seem low, but was chosen as

not to lose too many observations from the sample.

We also include dummy variables to control for missing values of some explanatory

variables, in which case the explanatory variable was set to zero. E.g. in an important

number of cases, data on a parent’s occupational status were missing. Also, school back-

ground variables were missing in a significant number of cases, and we include dummy

variables for these missing observations as well. In spite of the introduction of missing

categories for some key variables, we lost 163 observations due to missing values in other

variables. Our final sample includes 3666 cases.

Peer quality and heterogeneity The peer variable is of primary importance in this

research. Building on the existing literature, we define the peer variable in terms of ability

and measure it in several ways. When we talk about peer ”quality”, we have in mind both

intellectual ability and other characteristics such as ambition, docility, punctuality and so

on, which we believe are derived in large part from the child’s home environment, and in

the schooling setting perhaps especially from the educational level of the parents. In our

basic estimations, we proxy peer quality by the average years of schooling of the classmates’
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mothers15 16. We refrain from using the more obvious average level of reading scores of

the classmates as a proxy for class ability due to potential problems with reverse causality.

In this paper, we suggest that there are peer effects in the classroom. Consequently, if

each single student in the classroom is affected by his peers, the average achievement of

the classmates is affected by each single student, too — giving rise to reverse causality

problems.

As part of the sensitivity analysis reported in section 4, we also use additional measures

of peer quality.

We also square mean parental education to capture nonlinear as well as linear effects

of the average on fellow students. It is generally assumed in the literature that the higher

the mean score of fellow students in a class, the higher the level of educational attainment

of a given student, but the effect may diminish (i.e. the squared term is expected to be

negative.) Additional interaction variables to capture peer effects will be introduced in

variations on the basic empirical model.

In addition to these peer mean variables, we control for the heterogeneity of the peer

group, because if a better peer group in the data is correlated with a homogenous class-

room, then a potentially positive effect from a homogenous peer group will be falsely

attributed to a higher peer quality. The variance, or mix, of abilities within the classroom

may affect individual student achievement and we are interested in assessing the effect of

being schooled in a classroom with similarly skilled students relative to the effect of being

schooled in a classroom that has a larger variance in student abilities. For example, a

classroom in which all students have roughly the same ability may generate different peer

effects than one with the same mean score, but a wide range of abilities. Teachers of a

homogenous high ability class can provide them with more challenging material or present

standard material at a faster pace than would be possible in a classroom where less-able

students’ needs also have to be met. At the same time, low-ability students are expected

to benefit from the slower pace or alternative teaching methods that become feasible when

teachers are not simultaneously responsible for engaging the students’ high-ability peers.

To analyze this, we include the standard deviation of parental education of all students

in the classroom as a measure of classroom heterogeneity.

Our peer data is only approximately class peer data, as 15-year-old students were

selected randomly within schools, irrespective of the grade or class within grades. However,

15We have tried other specification as well: years of schooling of classmates’ fathers and average years
of schooling of parents without a qualitative change in the results.
16Behrman and Rosenzweig’s (2002) results suggest that the postive relationship between the schooling

of mothers and their children is substantially biased upward due to correlations between schooling and
heritable "ability" as well as assortative mating. In other words: more able women, who have more
schooling, have more able children, who obtain more schooling; and: more schooled women marry more
schooled (and thus more able) men.
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in a system like the Danish, where students are not grouped by ability across classes, the

peer composition of 15-year-olds within a school will be an acceptable proxy for the peer

composition within the classes, the 15-year-old students attend.

Control variables Other variables than the peer group are important for academic

achievement. Particularly parental inputs are commonly found to be immensely significant

in determining both choice of peer group and academic achievement, while the importance

of school level inputs is much more disputed in the literature. The control variables can

be divided into two main categories: home-related factors and school-related factors.

— Home-related inputs The model controls for the typically employed background

variables which are likely to affect test scores and/or peer group choice, e.g. age17,

gender, ethnicity, number of siblings, sibling status (only child; oldest, middle,

youngest child), family structure, parental education, parental occupation, parental

income, and parental wealth, and whether the student speaks Danish at home. In

addition to the background variables available in a typical dataset, the PISA dataset

provides us with variables, which are thought to be important for the parents’ influ-

ence on the child’s peer group and on his educational achievement. Such variables

are e.g. the index18 measuring parental academic interest, which was derived from

students’ reports on the frequency with which their parents engaged with them in

discussing political or social issues, discussing books, films or television programs,

and listen to classical music. The index for cultural possessions in a family’s home

was derived from students’ reports on the availability of classical literature, books

of poetry and works of art in the home, while the social communication index was

based on the frequency with which parents discussed how well their child is doing at

school, whether they eat the main meal with him around the table, and how often

they spend time simply talking with him. The index for home educational resources

was derived from students’ reports on the availability and number of dictionaries, a

quiet place to study, a desk for study, textbooks, and calculators. Students’ cultural

activity is an index on how often students had visited a museum or an art gallery dur-

ing the preceding year, attended an opera, ballet or classical symphony concert, and

watched live theatre. All these variables are proxies for parental interest in the child,

either directly in education matters, or general interest. They, also, indicate general

17Although the students were tested in the year were they turned 15, the oldest students (born in the
beginning of the year) will be almost a year older than the students born at the end of that year. We thus
measure their age in months to take account of potential age effects.
18Several summary indices were created for the official PISA dataset. They summarize students’ or

school principals’ responses to a series of related questions selected from larger constructs on the basis of
theoretical considerations and previous research. Indices were standardised so that the mean of the index
value for the OECD student population was zero and the standard deviation was one. See OECD (2001b)
for details on the construction of the indices.
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parental interest in culture and education. These are variables, which are thought

to be crucial for both the peer group choice parents directly or indirectly make for

their children, and at the same time do such factors proxy for how much, and how

qualified parental support the child will receive to promote academic achievement.

Moreover, information is available on time spent on homework for Danish lessons,

type of housing, and whether the parents were in their teens when their child was

born.

— School-related inputs Hanushek (2002) points out that "characterizing school qual-

ity has been difficult, and thus it is highly likely that standard estimation of educa-

tional production functions with peers will overstate peer influence". In the present

study we will therefore include various variables at the school and class level which

potentially influence achievement and school (peer) choice.

We expect students to benefit from teaching practices that demonstrate teachers’

interest in the progress of their students, when teachers expect their students to

attain reasonable achievement standards, and when they are willing to help all stu-

dents to meet these standards. The responses were combined to create an index of

teacher support. Also, teacher behaviour is of importance for the learning environ-

ment, such as whether learning is hindered by low expectations of teachers, poor

student-teacher relations, absenteeism among teachers, staff resistance to change,

teachers not meeting individual students’ needs, and students not being encouraged

to achieve their full potential. Factors related to teacher education are also gener-

ally considered important. We use PISA data on how many of the teachers teaching

Danish at the school are certified in Danish, and how many teachers have partici-

pated in professional development within the last three months.

In the empirical literature, the effect of school resources on scholastic achievement

has produced few significant results. Hanushek (1986, 1996) provides an extensive

discussion of this evidence. However, some recent studies have found more posi-

tive evidence (e.g. Card and Krueger 1992, Angrist and Lavy 1999, Krueger 1999,

Wilson 2002). To avoid any confounding influences from systematic variations of

school resources, we include class size as a measure of school resources in our esti-

mations. Also, the absence of a suitable physical infrastructure (e.g. buildings) and

an adequate supply of educational resources (computers, library, teaching materials)

might hinder learning. Two indices were created by the PISA consortium — one for

the perceived quality of the school’s physical infrastructure and the other for the

perceived quality of educational resources. Also, the number of Danish lessons per

week, the total number of teaching lessons per year and the frequency with which

students use school resources, like e.g. the library, are used as controls.

Private schools are sometimes perceived to be more effective in teaching children.
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Especially in the Danish context, private schools have a great liberty with respect

to the choice of curriculum and teaching methods. On the other hand, in a non-

selective school system, private schools might be used as an alternative if the local

public school is of low (peer) quality. We control for the type of school to investigate

how the institutional arrangement of schools is related to student performance. Also,

school size might be related to student achievement, due, for example, to economies

of scale in the use of educational and economic resources.

There is a range of other student and school variables available in the PISA dataset,

e.g. whether students attend special courses to improve results. However, we suspect

there to be a large amount of reverse causality between reading skills and these variables,

which is the reason for their omission from the estimations.

Table 1 provides descriptive statistics of the dataset used for the estimations.
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Table 1: Descriptive statistics
Variable description Mean Std.dev. Min Max
Main variables of interest
PISA reading score 501.9 93.4 89.3 887.3
Mean parental education of peers (years) 12.34 1.30 7.53 15.03
Std.dev. of parental education of peers 3.83 1.02 2.00 6.83
Background variables
Gender (Male=0, Female=1) .50 .50 0 1
Student’s age at test 15.72 .27 15.25 16.17
Ethnic Dane .95 22 0 1
Immigrant .03 .18 0 1
Parents immigrated .02 .12 0 1
Does not speak Danish at home .05 .22 0 1
Number of brothers/sisters 1.90 1.28 0 12
Student is only child .06 .23 0 1
Student is oldest child .36 .48 0 1
Student is middle child .23 .42 0 1
Student is youngest child .35 .48 0 1
Student lives in nuclear family .67 .47 0 1
... lives with single mother .13 .34 0 1
... lives with mother and stepdad .10 .29 0 1
... lives with single dad .02 .15 0 1
... lives with father and stepmum .02 .13 0 1
... lives without parents .06 .23 0 1
... lives without parents (but parents live together) .01 .09 0 1
Student’s mother was teen at birth .09 .28 0 1
Student’s father was teen at birth .10 .29 0 1
Mother: unskilled .21 .41 0 1

- high-school degree .04 .20 0 1
- vocational education .30 .46 0 1
- short college .04 .20 0 1
- long college .21 .41 0 1
- university .03 .18 0 1
- PhD .003 .05 0 1

Father unskilled .29 .45 0 1
- high-school degree .03 .18 0 1
- vocational education .41 .49 0 1
- short college .04 .20 0 1
- long college .11 .31 0 1
- university .07 .26 0 1
- PhD .003 .029 0 1

Mother: Legislator, senior official or manager .03 .17 0 1
- Professional .11 .32 0 1
- Technician or associate professional .19 .39 0 1
- Clerk .15 .36 0 1
- Service worker/shop&market sales worker .17 .37 0 1
- Skilled agricultural or fishery worker .00 .07 0 1
- Craft or related trades worker .02 .13 0 1

(...continued)
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... continued
Variable description Mean Std.dev. Min Max

- Plant or machine operator or assembler .04 .20 0 1
- Elementary occupations .14 .35 0 1
- Armed forces <.00 .02 0 1

Father: Legislator, senior official or manager .08 .28 0 1
- Professional .13 .33 0 1
- Technician or associate professional .11 .32 0 1
- Clerk .03 .17 0 1
- Service worker/shop&market sales worker .04 .20 0 1
- Skilled agricultural or fishery worker .04 .21 0 1
- Craft or related trades worker .17 .37 0 1
- Plant or machine operator or assembler .08 .27 0 1
- Elementary occupations .10 .29 0 1
- Armed forces .01 .08 0 1

Mother’s income .19 .10 0 2.08
Father’s income .29 .21 0 3.12
Mother’s unemployment at student’s age 15 .05 .16 0 1
Father’s unemployment at student’s age 15 .03 .14 0 1
Family wealth .53 .74 -3.00 3.38
Parents home-owners .72 .45 0 1
Parents home-renters .19 .39 0 1
Parents living in not categorized type of dwelling .01 .12 0 1
Parents’ type of dwelling unknown .07 .26 0 1
Index of parental academic interest .11 .98 -2.2 2.72
— missing .001 .03 0 1
Index of social communication .22 .89 -3.65 1.2
Index of cultural possessions -.11 .97 -1.65 1.15
Index of cultural activity .28 .90 -1.28 2.93
Student has quiet place to study .87 .33 0 1
Index of home educational resources -.20 .92 -3.99 .76
Class size in Danish lessons 17.63 3.52 1 28
Class size in Danish lessons, missing .10 .30 0 1
Number of Danish lessons/week 7.09 1.81 1 20
Number of Danish lessons, miss. .31 .46 0 1
Hours spent on homework in Danish 2.96 .71 1 4
Data on homework (Danish) missing .014 .12 0 1
Index of teacher support .12 .70 -3.03 1.95
Index of teacher behaviour -.52 .77 -2.41 1.22
School physical infrastructure .04 .73 -1.12 3.38
School educational resources -.16 .63 -1.90 2.48
Certified Danish teachers .41 .34 0 1
Frequency of library use etc. .84 1.01 -2.46 4.43

... continued
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... continued
Variable description Mean Std. Min Max
Schooling hours per year 881.83 153.48 594 1400
Number of students at school 437.13 195.93 49 917
Percentage of teachers on professional development .48 .31 .05 1
School type (Public school=0, private=1) .12 .32 0 1
Indicator: Variables at school level missing .33 .47 0 1

3666

Before going on to the estimations, let’s have a short look at raw correlations between

the variables of primary interest. In Table 2, we report results from simple OLS models

regressing reading scores on either the mean peer level of parental (mothers’) years of

schooling in each student’s classroom, the classroom heterogeneity or both. The results

show that the mean peer level (PeerMean) is positively correlated with reading scores,

and peer heterogeneity is negatively so (favouring homogenous classrooms, i.e. streaming

students), when they are entered separately.

Table 2: Simple models

Reading scores (1) (2) (3)

Coeff. Std.dev. Coeff. Std.dev. Coeff. Std.dev.

PeerMean 15.35 1.16 ∗∗∗ - 18.41 1.63 ∗∗∗

PeerHetero - -11.03 1.51 ∗∗∗ 5.57 2.09 ∗∗∗

Adj. R2 .045 .014 .047
∗∗∗ indicates significance at the .001 level.

However, as we suspected earlier, peer level and peer heterogeneity are not uncorre-

lated. As can be seen from Figure 1, there is a clear tendency between the peer level

of a class and the heterogeneity of the class peers. Classes with a high peer level tend

to be more homogenous than classes with a lower peer level19. When we enter the peer

level and peer heterogeneity variable jointly in a regression (see Table 2, model (3)), the

coefficient on peer heterogeneity turns positive. So, the large negative correlation between

achievement and class-heterogeneity is clearly a result of the association between more

heterogenous classes and lower parental education among pupils20.

The following section presents results.

4 Results

To begin with, we will motivate our choice of variables for the main estimations. We then

report OLS results, followed by results from quantile regressions and discussion.

19 In the extremes of the joint distribution, this could be a mechanical relation, as high-level classes must
be quite homogenous to reach a very high level of peer average. However, when we trim the sample, so we
drop the observations with the 5% highest peer mean level, results are basically unchanged.
20This finding is confirmed by Lavy (1999) for schools in Israel.
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Figure 1: Correlation between peer mean and peer variance

4.1 Choosing the set of controls

As pointed out earlier, the estimation strategy for isolating the causal effect of school peers

is to condition on a very broad set of factors that may affect both achievement and peer

composition. This approach implies "washing out" the problem of unobserved ability by

including a broad range of background variables in the regressions. Our data provides an

extensive set of control variables that help avoid the usual problems of omitted variables

bias. In addition to the standard set of controls (parental education, occupation, income

and wealth; family structure, siblings, ethnicity, bilingual, gender, class size, teacher qual-

ification = model (i) in Table 3), the PISA dataset provides us with other information on

factors thought to be important for both the choice of peers and for reading skills. These

variables are: parental academic interest, social communication, cultural possessions and

activity, whether the student has a quiet place for study at home, the amount of time

spend on homework and study for Danish lessons; and school resource variables like the

number of Danish lessons per week, teacher support, teacher behaviour, the quality of

the school building and the educational material in school, use of school resources, the

student-teacher relationship, total hours of teaching, school size, the share of teachers hav-

ing participated in extra qualification courses during the last three months, and whether

the school is public or private ( = model (ii) in Table 3).

We then add information from administrative registers on the parents’ occupation,

their housing conditions and whether they were teen-parents (model iii). Last, we ex-

change some survey variables with information from the registers, because they are more

detailed and also, they are generally considered as being more reliable than survey data21

21There is a great deal of noise when we compare the parental education data from the survey and the
register data, respectively. Also, with respect to the family structure variables, there is quite a bit of
noise (the survey and register data deviate in about 20% of the observations). Some of the inconsistencies
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(model iv). However, some information might be more useful in terms of measuring what

we are really interested in when retrieved from surveys. One example of this is fam-

ily structure. When asking the child who he/she lives with, the answer will perhaps be

"coloured" be the child’s own perception of the current situation in the family. However,

this "subjective perception" will measure exactly what we are interested in, as we want

to know whom of the parents and other family members the child feels most attached to.

Table 3: (Weighted) OLS results from different control sets

PeerMean PeerHeterogeneity

Model Set of controls Coeff. Std.dev. Coeff. Std.dev.

(i) Standard controls 7.36 1.60∗∗ 2.36 1.94

(ii) + PISA variables 5.56 1.55∗∗ 3.14 1.85

(iii) + additional register information 4.68 1.55∗∗ 2.37 1.85

(iv) + survey exchanged with register data 4.97 1.58∗∗ 1.02 1.89

Change (size of coefficients) -33 % -42 %
∗∗ indicates significance at the .01 level. Model (i) includes as controls: parental education,

wealth, income; family structure, siblings, age, ethnicity, bilingual, gender, teacher education,

class size. Model (ii) adds parental academic interest, social communication, cultural possessions,

cultural activities, home educational resources, number of Danish lessons/week, total number

of teaching lessons/year, homework, teacher support, teacher behaviour, school building conditions,

school education resources, school resource use, student-teacher relations, grade, school size,

public/private school. Model (iii) adds parental occupation, type of dwelling, teen-parents.

Model (iv) exchanges survey information on parental education and income.

In table 3, we report coefficients on the two peer variables (the mean and the variance

of the peer group) from simple OLS estimations with four different sets of controls. When

we compare the results from the standard set of controls (model i) with the full sets of

controls available in this study (model iv), we see that the peer mean effect drops by 1/3,

but is still significant at the 1% level, while the coefficient for the heterogeneity of the

peer group has fallen by even more (and remains insignificant).

We conclude that the set of controls included in the estimations is of great importance

for reducing selection bias in our peer effect model. Therefore, we choose to use the most

extensive set of controls (model iv) throughout the empirical analysis in this paper.

4.2 Ordinary Least Squares

The results of a simple OLS estimation using our favorite control set (=model (iv) in

Table 3) is shown in Table 4.

between the survey and register data might be due to the fact that they refer to the year, were the students
were 14 years old, while the surveys where answered when the student was 15 years old.
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Table 4: Ordinary least squares results (weighted)
PISA reading scores

Independent variable Coefficient Std.err.
Peer variables
Mean parental education of peers (years) 4.97 1.58 ∗∗

Std.dev. of parental education of peers 1.02 1.89
Individual and family background
Male (reference category)
Female 22.81 2.76 ∗∗

Student’s age at test 11.92 4.84 ∗

Ethnic Dane (reference category)
Immigrant -17.73 10.24 (∗)

Parents immigrated -27.98 12.59 ∗

Does not speak Danish at home -45.32 8.11 ∗∗

Number of brothers/sisters -2.76 1.41 ∗

Student is only child -14.08 6.34 ∗

Student is oldest child (reference category)
Student is middle child -0.69 4.12
Student is youngest child -7.78 3.19 ∗

Student lives in nuclear family (reference category)
... lives with single mother -6.69 4.74
... lives with mother and stepdad -5.41 5.05
... lives with single dad 1.99 9.84
... lives with father and stepmum -4.71 10.16
... lives without parents -31.18 15.56 (∗)

... lives without parents (but parents live together) -31.85 19.35
Student’s mother was teen at birth -14.92 9.37
Student’s father was teen at birth 19.56 20.74
Mother: unskilled (reference category)

- high-school degree 15.47 6.94 ∗

- vocational education 3.21 3.60
- short college 7.65 7.32
- long college 17.60 5.29 ∗∗

- university 32.99 8.94 ∗∗

- PhD -1.17 42.68
Father: unskilled (reference category)

- high-school degree 25.45 7.97 ∗∗

- vocational education 8.55 3.56 ∗

- short college 18.35 7.18 ∗

- long college 23.02 5.76 ∗∗

- university 23.66 7.06 ∗∗

- PhD 55.59 22.02 ∗

(...continued)
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... continued
Independent variable PISA reading scores

Coefficient Std.err.
Mother’s income 3.06 11.2
Father’s income 8.98 8.15
Mother’s unemployment at student’s age 15 -.19 8.41
Father’s unemployment at student’s age 15 1.30 10.41
Family wealth -5.44 2.03 ∗∗

Parents home-owners (reference category)
Parents home-renters -4.21 4.12
Parents living in not categorized type of dwelling -13.99 11.05
Parents’ type of dwelling unknown 11.59 9.51
Index of parental academic interest 16.19 1.63 ∗∗

— missing -98.87 40.49 ∗

Index of social communication .18 1.67
Index of cultural possessions 3.24 1.61 ∗

Index of cultural activity 1.91 1.69
Student has quiet place to study 8.36 4.20 ∗

Index of home educational resources 2.56 1.91
School variables
Class size in Danish lessons 1.25 .41 ∗∗

— missing -10.59 8.48
Number of Danish lessons/week .36 .93
— missing -29.1 7.21 ∗∗

Hours/week spent on homework in Danish -2.36 1.93
— missing -15.11 13.02
Index of teacher support -.90 2.13
Index of teacher behaviour .26 2.14
Index of school physical infrastructure .67 2.27
Index of school educational resources -3.95 2.53
Percentage of certified Danish teachers 1.24 7.81
Index of frequency of library use etc. 6.60 1.69 ∗∗

Index of student/teacher relations 9.19 1.95 ∗∗

Schooling hours per year .003 .01
Number of students at school .02 .01 (∗)

Percentage of teachers on professional development -.49 5.29
School type (Public school=0, private=1) -6.85 5.19
Indicator: Variables at school level missing 20.26 12.76
Constant 198.49 82.21 ∗

Job position dummies included and jointly significant
Adjusted R2 29.22
No. of obs. 3666
(∗), ∗ and ∗∗ indicate significance above the .10, .05 and .01
level, respectively.

Of greatest interest for our purposes are the coefficients on the peer effects. Both

peer variables are positive, but only the peer level variable is significant. Thus, attending

a school with peers from more well-educated homes is associated with higher reading
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scores. An increase in the average educational background of one’s peers by one year is

associated with an increase of one’s reading scores by almost 5 points on the PISA scale,

which amounts to 5% of the standard deviation of the scale. Stated alternatively, moving

a student from a class with a mean peer background of 9 years of parental schooling

(corresponding to compulsory education) to a class with a mean of 16 years of schooling

will increase that student’s achievement level by 35 points — or 37% of the standard

deviation of the scale. Compared to important family effects, the peer effect is important in

size. Students from households with a mother with a vocational education have predicted

reading scores that are 37 points lower than their counterparts who have a mother with

a university degree. Here, the peer group effect of moving from a peer group with mean

parental education of 9 years to a peer group where this number is 16 is of the same size

as the effect of own parental education by the same amount, which is remarkable.

Peer effects may be represented not only through the mean ability of classmates, but

also via the standard deviation in the abilities of classmates. The results on the peer

heterogeneity variable in Table 4 suggest that a student’s achievement level is higher,

when the heterogeneity of abilities within the classroom is greater suggesting that mixing

ability types generates educational benefits. However, the effect is imprecisely estimated

and thus not statistically significant different from zero.

While the primary interest of this study is on peer effects, let’s have a brief look at

the results for the control variables, anyway. Most of the estimated coefficients of these

variables are statistically significant and are usually in the direction one might expect

a priori. For example, parental education and occupation (not shown), not being the

youngest child, having fewer siblings, and attending a bigger school are positively related

to test scores — results typical of the literature. Also, female students have higher predicted

scores on average, as do native speakers. The effect of growing up with only one natural

parent is negative, but not (strongly) significant. Also, counterintuitively, being an only

child is associated with lower reading scores, while the effect of having many siblings is also

negative. Apparently, there is some ”optimal” number of siblings, while being an only child

might reflect some other factors in the family that have resulted in the decision not to have

more children (e.g. (female) career decisions, personal/family problems). Interestingly,

while income is not related to test scores, wealth is, but negatively so. We suspect this to

be a result of the somewhat problematic way of assessing family wealth in the PISA data.

The ”wealth” variable has been derived from students’ reports on the availability, in their

home, of a dishwasher, a room of their own, educational software, a link to the Internet;

and the number of cellular phones, television sets, computers, motor cars and bathrooms

at home. We suspect these factors not to be good indicators of family wealth in the case

of Denmark. Also, we know that the PISA index on family wealth has been constructed

in a way so its mean is 0 and its standard deviation is 1 in the total OECD sample. In

our Danish subsample, the mean is .53, while the standard deviation is only .74. Thus,

there is a comparably high level of ”wealth” as measured by the PISA index, but only
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little variation compared to the OECD average, which may contribute to the unexpected

coefficient on the wealth variable in our estimation22. Another counterintuitive sign is the

positive one on class size. We suspect that there is some selection of not so well doing

students into smaller classes.

We also note that parental academic interest is positive and strongly significant, which

underlines the important role of this typically unobserved characteristic. An increase of

one standard deviation of the academic interest index is associated with a test score

increase of 16 points, which is about half of the advantage of living with both natural

parents instead of living alone at the age of 15. Also, cultural possessions like classical

literature, the availability of a quiet place to study, and the frequency with which school

resources, like e.g. the library, is used are all positively related to reading scores, while

the coefficient on social communication, cultural activity, and home educational resources

is positive, but insignificant.

The PISA dataset gives information about both school principal reported disciplinary

climate at the school and student reported disciplinary climate in the classroom. Coun-

terintuitively, disciplinary climate at both the school and classroom level are negatively

related to outcomes — but are not significant when mean peer background is controlled

for, indicating that disciplinary problems are more prevalent in classes with a lower peer

environment.

4.3 Robustness

Finally, we have explored the sensitivity of our results to changes in the specification of

our model. We tested for nonlinear effects of school resources by adding squares of the

peer mean measure. The linear and the square of the peer mean measure were partially

insignificant when entered in the equation together, but were jointly strongly significant.

The square effect was negative, implying decreasing returns to peer quality — which makes

mixing the optimal policy if the aim is to maximize the overall level of reading skills.

To determine whether the peer effect is dependent on the student’s own parental

background, we include a variable to make the peer mean effect interact with own parental

background. The negative sign on this interaction term implies that a higher average peer

quality (measured by years of schooling of the classmates’ parents) has smaller effects on

individual student achievement for students with high-educated parents than for students

from low-educated homes. Stated differently, raising the average parental background of

the peers yields greater benefits for students with less favourable parental background.

However, both the main effects coefficients and those on the interaction are insignificant

22We have examined whether the perverse sign for wealth is the result of strong correlation of wealth
with variables as parental income, education and occupation. This is not the case. In fact, these variables
together explain only little of the variation in wealth (about 10%), and some of the single coefficients even
have the "wrong" sign. This leaves as an explanation for the perverse sign on wealth the argument that
wealth is measured poorly for the Danish PISA data.
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(however, they are jointly significant), suggesting that the effects are intertwined and

cannot credibly be estimated separately. We also wanted to estimate results on subsamples

divided by parental education, but the sample size was too small. The coefficients on the

peer variables were mostly insignificant and did not show any clear pattern.

In the existing literature, a range of variables have been used to proxy for the peer

environment at schools, e.g. the racial composition, and the share of students from two-

parent families. In reality, the peer environment at school is composed of many factors. As

it is not obvious which variables to use as a proxy for peer quality, we have experimented

with a range of characteristics. Using alternative measures of peer effects reinforces the

earlier results. Whether we use the mean and variance of parental occupational status, the

father’s education, the share of bilingual students in the class, or the share of students

living with both natural parents as our peer group indicator, we tend to find significant

mean peer effects with the ”right” sign and an insignificant peer heterogeneity effect.

4.4 Quantile regression results

Ordinary least squares methods estimate effects at the mean. By calculating regressions for

different quantiles, it is possible to explore the entire shape of the conditional distribution.

As will be shown, the quantile regression results suggest some important differences across

different points in the conditional distribution of reading scores.

The partial derivative of the conditional quantile of y with respect to one of the

regressors is to be interpreted as the marginal change in the θth conditional quantile

due to a marginal change in x. One should be cautious in interpreting this result. It

does not imply that a person who happens to be in the θth quantile of one conditional

distribution will also find himself at the same quantile had his x changed. But this is

mainly a problem with dummy explanatory variables, where a marginal change is from 0

(the lowest possible value) to 1 (the highest possible value). In the present study, both

variables of main interest are continuous, making this potential problem less severe.

Results from the estimation of quantile regressions at the 10th, 25th, 50th, 75th and

90th conditional percentile are presented in the Appendix23. In Figure 2, we report only

the coefficients on the main parameters of interest to this study — the peer level and peer

heterogeneity. The 90% confidence bounds are also plotted. The thin lines show the

OLS estimate and its confidence bands. Homogeneity in the peer level and heterogeneity

effect over the conditional test score distribution would imply that it is possible to draw

a horizontal line through the point estimates at different quantiles. However, in Figure 2

the point estimates suggest a pattern of effects that are larger in magnitude at the lower

quantiles as compared to the higher quantiles. The quantile regression (QR) coefficients do

clearly show a decreasing trend over the distribution suggesting that having good peers

23Estimates were calculated using the sqreg procedure of STATA version 7.0.
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Figure 2: Quantile regression results for peer variables

is more important for low achievers than for high achievers. A test for the equality of

coefficients at the 1th and 9th decile suggests that the effects are significantly different at

the 10% level. A similar trend is present in the results for the heterogeneity of the peers

in the classroom. However, while the effect of the average peer quality in the classroom

remains positive and significant over most of the test score distribution, the effect of peer

heterogeneity is only weakly significant at the 10% level for the two lowest quantiles, and

is insignificant — and even turning negative — for higher quantiles. These results indicate

that low achievers profit from a heterogenous classroom, while the effect for high achievers

is not significantly different from zero.

Combining the results on peer level and class heterogeneity gives some suggestive policy

advice. The QR coefficients show a decreasing trend over the distribution suggesting that

having good peers is more important for low achievers than for high achievers making

mixing the preferable policy if the overall aim is to maximize average student performance.

However, increasing the ability mix does not only mean reducing disparities of the average

educational background of classrooms, but does necessarily also imply increasing classroom

heterogeneity. The peer level effect and the classroom heterogeneity effect are intertwined.

As the heterogeneity coefficient is positive and weakly significant for weak readers, while

being insignificantly different from zero for the upper part of the distribution, together

with the result that the effect from good peers is more effective at the lower quantiles,

suggests that mixing is the optimal policy for maximizing overall achievement.

It is important to stress that this solution is not pareto-optimal. However, when the

aim of the social planner is to maximize overall reading scores, the marginal products must

be equated across students at different points of the conditional test score distribution.

As the results show, the marginal product from a better peer group is higher at lower

quantiles than at higher quantiles. Equating marginal products by increased mixing will

therefore increase the overall reading performance.
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Figure 3: Quantile regression results for selected control variables
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As the peer variables are of main interest in this paper, and the OLS results for the

control variables have been reported in some detail, we will confine our discussion to only

a few of the covariates. A full results table is provided in the Appendix. Figure 3 shows

quantile regression results for six important control variables.

The effect of parental education on reading scores fluctuates somewhat around the

OLS estimate (shown with thin lines), but without any clear pattern and it does not leave

the OLS confidence interval24. The same is true for the index of parental academic interest

(upper right panel of Figure 3), but here the pattern is a steady increase of the effect over

the reading score distribution, suggesting that parental academic interest is an important

determinant of reading scores for students over the whole test score distribution, but

the effect seems to be more important for better readers. Interestingly, the opposite is

true for cultural possessions (middle left panel), which are significantly positive related to

reading scores only for weak readers, while the effect at the upper end of the distribution is

insignificant. The middle right panel of Figure 3 shows that girls read better than boys over

the whole range of the distribution, but the effect is particularly important at the lower

tail, where the quantile regression point estimate is outside the OLS confidence interval,

indicating that the effect of being a girl on reading scores may not be constant across the

conditional distribution. The effect of using school resources like the library, the Internet

etc. frequently (lower left panel) is positive and significant only at the lower end of the

conditional test score distribution, while the effect is close to zero for the higher quartiles

(0.75 and above). Apparently, especially weak readers profit from school resources over

and above classroom teaching. Interestingly, the teacher student relationship (lower right

panel) seems to be more important at both extremes of the test score distribution than

for average students: both weak and strong readers respond strongly to teacher student

relations, while students in between seem to be more independent from the relationship

with their teachers.

In several panels in Figure 3, quantile regression estimates lie at some point outside the

confidence intervals for the OLS regression, suggesting that the effects of these covariates

may not be constant across the conditional distribution of the independent variable. How-

ever, formal testing suggests that the coefficients for the first and last quantile estimated

is significantly different only for gender.

To recall, quantile regression techniques estimate peer effects at different values of the

conditional test score distribution. This means that when we talk about "weak readers",

we do not necessarily refer to students with low (absolute) test scores, but to students

reading less well than we would expect them to according to their background charac-

teristics. Thus, "weak readers" are, e.g., students from well-educated homes, who read

less well than the average student with well-educated parents. However, for policy pur-

poses, we are usually interested in students being poor readers unconditional on their

24For simplicity of the exposition of results, the parental education dummies were recoded into a con-
tinuous variable indicating the number of years of schooling attained by the parent with most schooling.
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Figure 4: Unconditional versus conditional reading scores

background. It is thus useful to examine, how unconditionally poor readers are related

to conditionally poor readers. If we, e.g., can show that the conditionally poor readers

are typically identical with the unconditionally poor readers, then, our quantile regression

results can be transferred directly to the unconditional distribution of test scores. To

find out about the relationship between the conditional and unconditional distribution,

we plot the residuals from the OLS regression (=conditional test scores) against raw test

scores in Figure 4. Unconditional and conditional test scores are closely related, which

illustrates the tendency of the conditionally poor readers to be identical with those who

get low raw test scores. This means that all results extracted above for the conditional

distributions are generally valid for the unconditional distribution, too. This relationship

makes our results much more easy to interpret for policy advice.

5 Conclusion

We investigated empirical peer group effects in the Danish, non-selective, school system.

Ordinary Least Squares results (mean effects) showed that there are sizeable positive

effects of attending school with peers with better educated parents. However, it could not

be shown that the heterogeneity of the classroom affects reading scores.

Also, our findings indicate for whom peers may matter, not just whether or not they

matter on average. The paper uses quantile regressions to describe effects at different

points of the conditional test score distribution. Quantile regressions provide "snap-shots"

at different points of a conditional distribution and, thus, are a parsimonious way of

describing the whole distribution. The estimation of education production functions at

several points of the test scores distribution revealed several interesting aspects that would
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not be apparent by just examining a single regression equation, such as the mean. Quantile

regression results suggest that there may be differential peer group effects at different

points in the conditional test score distribution. Generally, peer group effects are stronger

at the lower end of the conditional test score distribution, confirming the suggestion in

the peer literature that low achievers are dependent learners. Such differences in the peer

effect is probably due to students with an educationally rich home environment, being

likely to do relatively well in most school environments. In contrast, the performance of

students from more educationally impoverished backgrounds may depend more heavily on

school factors as e.g. teacher quality, school resources, and their classmates.

Thus, quantile regression evidence reveals that the effect is stronger for weak readers.

This suggests, together with the insignificance of the coefficient on classroom heterogeneity

for the upper end of the conditional distribution of test scores that mixing, rather than

ability grouping of students, is preferable, when the aim is to maximize overall reading

performance.

In this paper, we show how our rich set of controls (we add variables form the PISA

dataset and administrative data to the usual set of controls) decreases the peer effect

coefficients compared to results from estimations with a smaller set of controls. This shows

that the comprehensive dataset we use eliminates bias due to selection of better students

into high-quality peer groups. However, while the bias is reduced, we cannot be sure that

it is eliminated entirely. Also, having only data on reading skills as outcome measure of

schooling, limits the scope of our results, if peer effects with respect to achievement in

other subjects (e.g. math or science) differ from peer effects for reading skills. With the

future release of data for the next PISA waves (PISA 2003, 2006) which will focus on

mathematical (2003) and science skills (2006), analyses on whether peer effects differ over

subjects will be feasible.

Finally, the peer effects we estimated are those present in a system with the deliber-

ate policy not to be selective. Results could change, when ability grouping became the

favoured policy approach, because this would constitute a shift in the educational system,

with an entire range of possible accompanying changes. E.g. the psychological effect of

being placed in a low ability track, the effect on teacher moral, teaching practices and

curriculum changes, when ability grouping becomes a policy rather than a feature that is

a product of differences in location pattern across different groups of families. How a fun-

damental change in the education system would affect the mean and distribution of test

scores will depend crucially on the particular features of the system to be implemented.
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