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Abstract

We estimate peer effects for fourth graders in six European countries. The identification
relies on variation across classes within schools. We argue that classes within primary
schools are formed roughly randomly with respect to family background. Similar to previous
studies, we find a modest but significant impact of peer background on reading test scores.
We find no significant evidence on non-linear peer effects. The results indicate that sorting
across schools is strong and cannot be fully controlled for by available class and school
characteristics. This leads to an upward bias in standard estimates of peer effects not
controlling for school effects.
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1 Introduction

Learning in schools takes place in a group setting, and the composition of the group possibly
affects individual outcomes. There has been a lot of interest in these types of social
interactions in economics recently, and in peer effects in school in particular. We revisit this
issue in this paper, drawing on a previously unexploited data set in this context, the Progress
in International Reading Literacy Study (PIRLS) for fourth graders. Our analysis covers six

European countries, Germany, France, Iceland, the Netherlands, Norway, and Sweden.

Peer effects are of interest for a variety of reasons. From the policy perspective, it is
important to know how students should be grouped in schools and class rooms in order to
maximize achievement, or to achieve certain equity goals. Tracking policies, the explicit
grouping of students into classes by ability is widespread in many countries. Policies
increasing school choice and school competition are being discussed or implemented in many
countries. These policies will influence student outcomes through peer effects, if there is
increased sorting of students as a result of these policies. Understanding peer effects is

therefore an important ingredient in evaluating many education policies.

One of the main challenges in the literature on peer effects is the feature that schools and class
rooms are not formed randomly. School and class composition typically reflects
neighborhood characteristics, and therefore the family background of students. The estimated
peer effect may capture unobserved aspects of an individual student’s performance if this
problem is ignored. We exploit the fact that the PIRLS data sample multiple class rooms
within a single school. This allows us to estimate peer effects within schools. Since we study
students in primary schools, there is no explicit tracking in any of the countries in our sample.
We argue that classes within schools are in fact formed more or less randomly with respect to
family background characteristics (other than immigrant status). The variation in our peer
variable therefore most likely reflects that there will be small differences in composition when
multiple groups are formed out of a small population (in essence the absence of the law of
large numbers). Hence, our research design allows for a relatively credible identification of

peer effects on student test scores.



The existing literature, of which some recent studies are summarized in Table 1, has used a
wide variety of approaches to identify peer effects. The papers closest in spirit to ours are the
ones by Gould et al. (2005) for Israel and Hoxby (2000) for the US. These papers similarly
rely on differences in the compositions of individual class rooms within a school, which come
about by chance. Hanushek et al. (2003) and McEwan (2003) also use within school variation
to identify peer effects. However, it is more difficult to believe that differences in class room
composition are random in their cases. We will compare our methodology in detail to the
existing literature in the next section. A number of recent studies have also used explicit
random assignment to classes or schools, or other natural experiments. However, none of

these studies is for European countries.

On average across countries, we find that a one standard deviation change in our measure of
peer composition leads to a 0.07 standard deviation change in reading test scores, and this
estimate is marginally significant. The size of this effect is in the middle of the range of
estimates reported in the literature. We find a much larger association between peer
characteristics and student outcomes when we do not control for school effects. This suggests
that sorting across schools is very important, and cannot be controlled for with standard
observable characteristics. Studies which do not address this issue will likely find misleading

estimates.

The remainder of the paper is structured as follows. The next section discusses our
methodology and compares our approach to the existing literature. Section 3 describes the
PIRLS data. In section 4, we investigate the issue of whether classes are formed randomly

within schools, and section 5 presents our estimates of peer effects. A final section concludes.

2 Empirical framework and existing literature

A peer effects study typically starts from a specification of an education production function

like
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where y;. is a student outcome, like a test score, for student 7 in class room ¢ and school s, Xj.
are student or family characteristics, like sex, family background, etc., S, are school or class

level characteristics, like class size, teacher experience, characteristics of the municipality,

etc., X (e are the average characteristics of the peers of student i, and ;(_ is the average

i)cs
outcome of the peers. In addition, /77.; and & are a class level and an individual level error

term.

In the language of Manski (1993), the coefficient dreflects exogenous or contextual effects, @
reflects endogenous effects, and /7. reflects correlated effects. Exogenous effects arise when
individuals learn more because the group of peers is more favorable in terms of their
predetermined characteristics. Correlated effects arise when the group of peers is subject to a
common influence, which is not modeled directly. These effects will give rise to a bias if
they are correlated with peer group composition. For example, consider a remedial class
room with relatively poorly performing children. This class room may be assigned a
particularly able teacher but the exceptional characteristics of this teacher are not observable.
Removing the potential bias from contextual effects is one of the main challenges in the peer
effects literature, and we will discuss this issue shortly. Endogenous effects arise when

individuals learn more because peers are learning more.

Even if the requisite data are available, eq. (1) cannot be estimated directly because of the
well known reflection problem (see Manski, 1993). Student i influences his or her peers, and
the peers influence student i in turn through the coefficient @ if a symmetric equation to (1)

holds for every student in the class. This implies that & will be mechanically correlated

with;(_[)m , leading to a classic simultaneity problem. It is very difficult to overcome the

reflection problem without severe restrictions on the model. The literature has therefore

basically resorted to estimating the reduced form equation
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which is the approach we will follow as well. In eq. (2), it is not possible to distinguish

endogenous and exogenous effects anymore; either one would give rise to a positive



coefficient A on the peer variable X cires. While distinguishing endogenous and exogenous

effects may be of interest from a theoretical perspective, for policy purposes it will often not
matter which give rise to peer effects. Hence, identifying the reduced form parameter is still

of substantial interest.

Now consider the problem arising from the presence of correlated effects in eqs. (1) and (2).
If some relevant school or class room characteristics are not controlled, the estimated peer
effect A will be biased. Random assignment of students and teachers to class rooms solves
this problem, because random assignment breaks the link between peer characteristics and
extraneous effects on the class, like unobserved teacher quality. Boozer and Cacciola (2001)
and Graham (2004) exploit the random assignment in the Tennessee STAR experiment on
class size. Cullen, Jacob, and Levitt (2003) use lotteries at oversubscribed Chicago public

schools. However, their paper does not focus on the issue of peer effects.

True random assignment variation is rare in an education context, and unavailable in many
countries. Hence, researchers have to resort to other strategies utilizing the existing data. In
this paper, as in a variety of related studies, we use variation within schools in order to

identify the peer effect. This means that we estimate
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instead of eq. (2). a; is a set of dummy variables for each school. Alternatively, we also
estimate an equation with peer variables at the school level. The idea behind this strategy is
the observation that different schools draw students from different neighborhoods, and hence
family backgrounds. However, in primary school students are not generally grouped into
classes on the basis of ability or family background. Although some countries, like Germany,
track students into a rigid system of separate schools at the secondary level, there is no system
wide tracking at the primary level. In fact, classes in primary schools with multiple class

rooms at the same grade level are typically formed more or less on a random basis. In this
case )_((_l-)m will be uncorrelated with the class level shocks 77 conditional on a set of school

fixed effects. The bias from correlated effects is thus removed and A can be estimated

consistently. A necessary condition for this to work is, of course, that there is sufficient



variance in peer composition of a class room within a school. We will demonstrate that this is

true in our data in section 4.

Our identification strategy is most closely related to that of McEwan (2003). He studies peer
effects for 8" graders in Chile. However, random assignment to classes within schools is
much less likely to happen at the secondary level because schools in many countries,
including Chile, track students to at least some degree. If there is tracking on the basis of

(unobserved) ability, estimates of A are still confounded by correlated effects.

Gould et al. (2005), Hanushek et al. (2003), and Hoxby (2000) also use within school
variation to identify the peer effects. The Gould et al. and Hoxby studies are most similar in
spirit to ours. We use comparisons across class rooms within the same grade for the same
cohort of students. Hoxby uses comparisons between classes in the same grade across
adjacent cohorts and years. Hence, she identifies peer effects from variation arising from the
composition of subsequent cohorts. For example, one cohort may have more girls and the
next cohort fewer for purely random reasons. Gould et al. also use data on multiple cohorts in
the same grade. They condition on the student composition of the grade across years.
Effectively, like Hoxby, they therefore exploit year to year variation in the composition of a
cohort of students. However, these studies tend to focus on different peer group measures
than ours. Hoxby looks at gender and race composition of the class room and performance by

opposite gender and race groups, while Gould et al. look at the share of immigrants.

Hanushek et al. (2003) focus on a peer measure more similar to ours. They also control for
school by grade effects like Hoxby and Gould et al. However, they track the same cohort of
students over time, rather than different cohorts, and they control for student fixed effects.
This means that they effectively only consider changes in the peer group, which come about
through student mobility, because classes are typically kept together in primary schools. This
means that an individual’s peer group only changes if the individual herself or some peers
move in or out of the classroom. But student mobility might well be related to unobserved
time and grade specific shocks. For example, if a class is about to be assigned a particularly
bad teacher, the parents of the best students may move their children to other schools. Peer
quality in the class would fall. Student achievement may also subsequently fall in the class
room but this might simply be due to the poor teacher, not the poor peers. Hence, controlling

for student fixed effects may lead to an upward bias in the estimates. In fact, Hanushek et al.



find an increase in the peer coefficient when they control for individual student effects

compared to a similar specification without individual effects.

Table 1 summarizes these and other recent studies on peer effects in schools. These previous
literature finds peer effects which range from close to zero (Angrist and Lang, 2004, and

Cullen, Jacob and Levitt, 2003) to modestly large (Hoxby, 2000).

3 Data and descriptive statistics

Thirty-five countries participated in the Progress in International Reading Literacy Study
(PIRLS). This study was conducted by the International Association for the Evaluation of
Educational Achievement (IEA) in 2001 and nine- and ten-year-olds in reading literacy. In the
data, extensive information on home and school environment is available through student,
parent, teacher and school questionnaires. With 150,000 students tested, PIRLS 2001 is the
first in a planned 5-year cycle of international trend studies in reading literacy (Mullis et al.,

2003).

The data are collected in a two-stage stratified sampling design. First, participating schools
were chosen. Therefore, the schools are the primary sampling units and not the classes or
students. Within each school, a sample of classes from the targeted grade was drawn. The
targeted grade is the upper of the two grades with the most 9 year-olds at the time of testing.
This is always the fourth grade in our sample of countries. Within each class, in principle, all
students are sampled. In practice, the number of sampled students can be smaller than the
actual class size, because of student non-participation. We use all European countries with a
sufficient number of schools with at least two classes. These are France, Germany, Iceland,

the Netherlands, Norway and Sweden.

Student performance is measured by test scores in reading literacy, which is the most
important basic competency needed to acquire further skills and knowledge and to
successfully participate in social life (Mullis et al., 2003). The test scores are plausible values
that are drawn from an estimated proficiency distribution. Plausible values are imputed scores
based on the students’ answers to the test items (cf. Mislevy, 1991). The scores have then
been standardized to an international mean of 500 and a standard deviation of 100, which

facilitates the comparison across countries.



Table 2 provides information on mean reading scores and sample sizes in PIRLS at the
student, class and school level. Students, classes and schools can be directly identified.
Missing values of student background, class, and school variables are a serious problem in the
data set. For parents’ education, 36 percent of all values are missing. Instead of parents’
education, we use the number of books at home as our indicator of family background.
Among the variables reflecting family background, this is the one with best item response
rate. In addition, this is an appealing variable in its own right. It is clearly correlated with
parental income, education and origin. Table A3 presents the weighted means of student
background variables by categories of the books at home variable. In addition, it reflects
whether the parents value literary skills. Parents who own many books most likely will also
promote reading among their children. In fact, Woessmann (2004) found the number of
books to be the single most important predictor of reading skills among various family
background variables in the Third International Math and Science Study (TIMSS) and
Ammermueller (2005) in PIRLS and the Programme for International Student Assessment
(PISA) data. As an alternative peer measure, we use an index of parents’ highest educational

attainment and report the results in the Appendix.

Table 2 demonstrates that the sample size, conditioning on non-missing student background
and school variables, shrinks to about 40 to 75 percent of the original. Row 4 in the table
gives the sizes of the samples we actually use. All figures from row four onward refer to the
sample with no missing values. Reading scores in the selected samples are slightly higher
than in the overall sample. Some sample schools have only one class. Our within school
estimates will only be utilizing the schools with two or more classes. Information on the
students, classes, and schools with more than one class can be found in the bottom rows of
Table 2. Means and standard deviations of all the variables are reported in Table Al, while
Table A2 presents the percentage of missing values for each variable in the original data.
Both these tables are contained in the Appendix. The peer effects estimations have also been
performed including all observations for which test scores are reported. Missing values have
been replaced by zeros and dummy variables for missing values for each variable have been
added to the regressions. The estimated peer effects are comparable to the evidence presented

in section five and are available from the authors upon request.



The home questionnaire asked parents to report the number of books in their home in five
categories: none or few books (0 — 10), enough to fill one shelf (11 — 25), enough to fill one
bookcase (26 — 100), enough to fill two bookcases (101 — 200), enough to fill three or more
bookcases (more than 200)." In order to control for an individual students’ background, we
use a set of dummy variables for these categories. In order to form a single peer measure,
after some experimentation, we chose a simple index which assigns 1 to the lowest category
(0 — 10), and 5 to the highest category (more than 200). The median parent reports 26 — 100
or 101 — 200 books, and the mean of the indices range from about 3.3 to 4, depending on the
country (see Table 3 below and Table Al).

We generated peer variables as the class average of five student background variables:
number of books at home, student’s sex and age, whether at least one parent was born abroad,
and whether a foreign language is spoken at home. There is an argument in the literature on
peer effects whether class rooms or schools (or possibly even neighborhoods) are the more
appropriate unit of peer interactions. Of course, peer interactions may occur at each of these
levels, and it is an open question which is the most important. We focus on the class room
level for the pragmatic reason that we want to analyze differences within schools. In the
within school estimates, all peer interactions with students from other classes in the school
will be absorbed into the school fixed effects. However, peer effects in the class room are
clearly of interest, since classes are the basic unit where learning takes place. It is therefore

natural to expect that a large fraction of total peer effects should arise at the class room level.

The peer averages are formed using information for all students that report a value for this
specific variable in the data set, not just those students in the final sample. In Table 3, we
decompose the total variance in these class averages into the parts of the variance within and

between schools using the relationship

%ZZ(X ~xf %ZZ(x %) +%i<ﬁs (r. - xf )

! Using instead the number of books at home reported by students yields comparable results, which are provided
by the authors upon request.



where x is the specific variable we are interested in, s = 1, 2, ..., S'is a school indicator, ¢ = 1,
2, ..., Cs 1s a class indicator, and there are Cs classes in school s. N is the total number of

. 2
classes across all schools in our sample.

Table 3 presents the total, between and within school variance of the peer variables. The
variation for the average reading test score is shown as well. It is obvious that most of the
variance in all of these measures is between schools. Between 7 and 18 percent of the
variance in the index for the number of books at home is within schools. The fraction is
higher for the reading test scores. However, 70 percent or more of the test score variation is
also between schools. This suggests that a large part of the variation in all these measures is
accounted for by school effects. Nevertheless, there is also some non-negligible amount of

variance left within schools.

4 Selection in class room formation

In this section we will discuss the assignment of students both between and within schools.
We start by presenting some basic information on primary schooling in the countries we
study. We then go on to present some evidence from the PIRLS data to shed light on the

question whether classes are formed (more or less) randomly.

In all six countries in our sample, students attend a single track primary school from school
enrolment to at least grade four, in which students have been tested in PIRLS.” While students
are assigned to various school types after grade four in Germany, they stay on for at least two
more years in primary school in most other countries (France, Iceland, the Netherlands, and
Sweden) or go on to a single tracked secondary school (Norway). School choice for primary
school is free in some countries (Germany and the Netherlands) and depends on the place of
living in the other countries. However, parents have some means to influence the choice of
schools also in these countries. In practice, most parents choose the nearest school for
convenience in all countries. The heads of the school are responsible for the assignment of
students to classes within schools. Most countries have legal rules on maximum class size and

some school systems provide extra resources for schools with a high share of migrant

? For the variance decomposition to add to the total variance in an unbalanced panel, it is necessary to weight the
between component by the number of classes in the sample. This is not what, for example, the Stata Xt sum
command calculates.

? The information on the schooling systems is taken from Eurybase, the database in the information network on
education in Europe, http://www.eurydice.org.



students. The final responsibility lies with the heads of school, however. Grouping of students
seems to happen in some cases based on the migration background of students. We have
found no direct evidence that primary schools in any of the sample countries use any

systematic ability grouping or sorting by family background in grade four.

We investigate two separate and distinct questions about class room formation with the
PIRLS data. The first question is whether class rooms which differ in composition, for
random or non-random reasons, receive different resources. The second question is whether
the data are consistent with classes being formed randomly. In order to shed light on the first
question, we ran a set of regressions of the peer variables described in the previous section on
class room, teacher, and school characteristics. The observable characteristics of class rooms
and schools which we use are class size, teacher gender, education, and experience, size of the
town or city, instruction hours per day, and the degree of shortages of staff, materials, or

rooms that the school reports.

Table 4 illustrates these regressions for Germany. For books at home, the only significant
variable is shortage of rooms in the school, while none of the class level variables are
individually significant. The other peer characteristics are also typically unrelated to class
room and school characteristics, with coefficients usually being small and insignificant. The
only exception is immigrants and non-native speakers, who tend to be clustered in more urban

schools. Classes with more immigrants also tend to have better educated teachers.

Table 5 shows p-values for the corresponding F-tests on the joint significance of the variables.
The first three rows of this table refer to simple OLS regressions of the type run in Table 4,
which include both class room and school characteristics. F-tests for the class room level
variables, the school level variables, and both groups together are reported. The fourth row
reports the F-tests for the class level variables from a regression including school fixed
effects. For our family background variable of interest, the number of books at home, the
class and school variables are typically insignificant, with a few exceptions. School level
variables seem to matter in the Netherlands and Norway. This may simply indicate that
students from more favorable backgrounds are not randomly allocated to schools. There is no
correlation with class level variables, however. So this should not affect our conclusions
when we look at within school results. There is some evidence for class level variables being

related to family background in Iceland and in Sweden. In the case of Iceland, this only
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appears in the fixed effects regressions. It turns out that this correlation is solely driven by a
single class room with a teacher with 20 years of experience (while all other teachers in
Iceland have 10 or fewer years of experience). We discount this result as spurious. In the
case of Sweden this seems indeed to indicate a non-random allocation of class room resources
to classes with students from different background, even within schools. There is evidence
that class size increases with average background of students in a class. The coefficients for

the other class and school variables are not significant.

We also find some evidence that class rooms differ for students by age (in Germany, Iceland,
and Norway) and by student sex (in Iceland, the Netherlands, and Norway). It also seems
fairly clear that classes are different for immigrant students in all our sample countries. The
higher the share of immigrant students in a class, the lower is teacher’s education in Germany
and Norway. Instead, teacher’s education increases with the share of immigrants in France. In

Sweden, there is weak evidence for an allocation of immigrant students to larger classes.

In order to test whether class rooms are formed randomly with respect to a particular student
characteristic, we perform a series of Pearson Chi? tests. If classes are formed randomly, the
student characteristic under study and the class the student is assigned to should be
statistically independent. For example, consider student sex. The Pearson Chi* test asks
whether there are more females in a particular class than is consistent with independence,
given the number of students in the school. Formally, for each school the test statistic is

given by

)

where n,; is the number of students with characteristic j in class roomc, c =1, ..., C,j =1,

..., J. Define
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where 7, is the predicted number of students with characteristic j in class room ¢ when

characteristic and class room are independent. Then, under the null hypothesis of

independence, P /7y’ with (C — 1)(J — 1) degrees of freedom.

We further assume that the S schools in a country are independent. In this case, we can

simply add up the § test statistics to get an aggregate test statistic with [Z(CS —l)](J -1

degrees of freedom (see, e.g. DeGroot, 1984, p.384). Obviously, the test can only be carried
out on the sub-sample of schools with two or more class rooms. These test statistics are
shown in the fifth row of each panel in Table 5. We found in a small Monte Carlo experiment
that the test generally performs well but rejects somewhat too often under the null in samples

of our size.

Figure 1 shows the histograms of the school specific p-values for this test for Germany.
Under the null hypothesis of random assignment to classrooms, the p-values should be
(roughly) uniformly distributed. A policy of deliberate balancing of students’ characteristics
across classrooms (e.g. making sure that the same fraction of girls are in each class) would
lead to a left-skewed distribution, while an assignment of similar students to the same
classroom would lead to a right-skewed distribution (cf. Graham, 2004). Figure 1 suggests
that students are roughly randomly assigned to classes on the basis of family background and
sex. However, there is clustering of immigrant and non-native language students in certain

classes, as low p-values predominate for these tests.

Table 5 confirms these results. The p-values of the aggregate tests for books at home and sex
are 0.24 and 0.12, respectively. However, the p-values are only 0.016 for foreign born, and
0.050 for non-German speaking children. We also find evidence of non-random assignment
of immigrant children for the Netherlands and Sweden. In addition, there seems to be some

evidence that children of a similar family background are grouped together in Sweden.

The school questionnaire also provides information on the non-random allocation of students
to classrooms. Principles are asked whether fourth-grade classes are formed on the basis of
student ability in their school. The fraction of students in schools for which principles affirm
this question is reported in the last row in Table 2 and equals around five percent in most

countries. Only in France with 28 and The Netherlands with 33 percent the non-random
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allocation of students seems to be more common. The average test scores of students in
schools that affirm to apply streaming hardly differ from other schools. Only in Norway
students in schools that form classes on the basis of student ability score 12 test score points
higher than students in other schools. In Iceland, there is only one school that says to apply
streaming and which scores lower than the average. When we estimate the peer effects in the
following section, students in the respective schools are excluded from the regression in one

specification.

Our results largely confirm that classes in the sample countries seem to be formed roughly
randomly within schools. There is little evidence that students of different family
backgrounds are more likely to be grouped in certain classes conditional on the school they
attend, or that classes with different compositions receive different (observable) resources.
This is comforting for our analysis. The only country, where this does not seem to be the
case, is Sweden. Hence, the Swedish results may have to be taken with a grain more of salt.
In addition, immigrant children, which are an important group in all of the sample countries,

also seem to be non-randomly assigned and given different teaching resources.

S5 Results on peer effects

We now turn to our results on peer effects. Table 6 reports results for Germany, which is the
country with the biggest sample, and, in particular, with the biggest number of schools with at
least two classrooms. We report results for two versions of the peer variable on books at
home. Since the variable takes on five categories, the most straightforward way to present the
results is to use the fraction of peers in four of the categories. Alternatively, we use the 1 — 5
index we created from these five categories. In each case, the peer variable for student i used
in the regressions is the leave-out mean for the classroom, omitting the value of the variable

for student 7 from the calculation of the mean.

Column 1 shows results when we only control for student level characteristics (gender, age,
immigrant status, language at home, household size, and four dummies for the number of
books in the home of the student). Going from a classroom where all peers have 26-100
books to a classroom where all peers have 101-200 books, a change of about a two standard

deviations of the peer composition across classrooms, is associated with a 19 point increase in
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the test score. This is about 32 percent of the student level standard deviation in test scores.
We find a very similar result in the specification with the single index measure for peers’
books at home. This is not surprising since in practice most of the variation in the index

variable occurs in the range between the 26-100 and the 101-200 books categories.

In columns (2) and (3) of Table 6, we add class and school level covariates to the regression.
Adding these covariates does little to the results. This is not surprising, since we found in
Tables 4 and 5 above that the class and school level covariates are basically uncorrelated with
our measure of peer quality. In column (4) we add school peer measures. This changes the
results dramatically. The coefficient on the index variable drops from about 18 to zero and is
insignificant. When the peer effects are measured by the fraction of peers in each category,
the peer effects are no longer monotonic now. However, these effects are also imprecisely
estimated. Finally, in columns (5) and (6), we add a full set of school fixed effects, leading to
comparable results as for the school peer measures. The exclusion of schools that reported to
form classes on the basis of student ability in column (6) hardly changes the results. The
upshot from this exercise is that the peer effect for Germany falls to a relatively modest

amount when we only look at variation in peer composition within schools.

Table 7 summarizes the results for all the six countries. To be more parsimonious, we only
present the results using the index measure of peer quality. We find a relatively consistent
pattern of results for all six countries in our sample. The size of the estimated peer effect is
similar across the specifications with and without school and class level variables, and is in
the order of 15 to 23 for moving peer quality to the next higher category. Only in Norway
does the peer coefficient fall when school level covariates are added to the regression. Once
we include school peer measures or school fixed effects, the effect always falls, although the
amount of the change is different across countries. Only in France, the coefficient increases
when school peer measures are added and falls only slightly with school fixed effects. In
Norway and Germany the decrease is strongest. Excluding schools that form classes based on
student ability only changes the results in France and The Netherlands. These are the two
countries with high shares of students in schools that apply streaming (see Table 2). While
the coefficient in France decreases, it increases in The Netherlands. We would expect the
coefficient to decrease once schools that apply streaming are excluded. The result for The

Netherlands is thus curious.
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One reason for the high variation in the coefficients from the fixed effects models is that the
standard errors of these estimates are reasonably large, so that the effects for each individual
country cannot be estimated very precisely. If we believe that the peer effects are the same in
each country then it makes sense to combine the estimates into a single estimate. The average
of the six coefficients, weighted by the inverse of the sampling variance, is 8.3. If the
variation in country level estimates around this overall mean is only due to sampling
variation, then the standard error for the meta-estimate is 3.3.* This estimate is much more
precise than the country level estimates, and it is significant at the 5 percent level. One
concern is with the results for Sweden, because we found some evidence for non-random
assignment and target class room resources for Sweden above. The meta-estimate for the

countries without Sweden is 7.3 with a standard error of 3.8.

These estimates are roughly in line with the findings in much of the literature. The across
school standard deviation of the class room mean of the index of books at home is 0.50 on
average in the six countries. This suggests that a one standard deviation change in the peer
measure leads to an effect on reading test scores of 4.14. The average standard deviation of
reading test scores in the six countries is 63.52, so this is an effect size of 0.07 of a standard
deviation. This is in the middle of the range of estimates found in many previous studies of
peer effects, although some studies found basically zero effects (e.g. Angrist and Lang, 2004)
and others larger effects (e.g. Hoxby, 2000).

Our results show that standard OLS estimates of the peer effect are generally biased upward
substantially if the within school results are indeed reliable estimates of the true peer effect.
This is true even after controlling for the typically available measures of class room and
school characteristics.” One reason why even the fixed effects estimates may be biased is the
presence of immigrant children. We showed above that immigrant children are often not
randomly assigned to classes within schools, and the classes with many immigrant children
may get different resources. Since immigrants in these countries tend to be of lower SES (the

index for books at home is on average 3.15 for immigrant families in the six countries but

4]t
* The sampling variance of the mean is obtained as v = [ZVC 1] , where v, is the sampling variance of the

estimate for country c. One interpretation of this calculation is that the country average is the minimum distance
estimate of the common peer effect across countries.

> Including measures from the school questionnaire on the share of economically disadvantaged students, the
share of immigrant students or the share of students leaving before the end of the academic year as alternative
school level variables did not change the results.
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3.56 for non-immigrant families), part of the peer effect may be explained by the non-random

allocation of immigrants.

In order to probe this, we reran the regressions in Table 7 including the fraction of foreign
born children in the class, and the fraction of children speaking a foreign language at home.
This attenuates the estimated peer effects at most very slightly. We also experimented with
regressions on the sub-sample of schools with few immigrant children. However, most
sample countries have enough immigrants that there are relatively few such schools leading to

small samples, and hence imprecise estimates.

The peer effects have also been estimated for parents’ education as a peer measure. Table A4
in the Appendix presents the results along with estimates for the number of books at home
using the same sample. In the specification including only student level variables, the
estimates for both peer measures are of comparable size. In the school fixed effects
specification in column (2), the peer effects for parents’ education are much lower than for the

number of books at home, though.

A further question is whether peer effects vary across students. This could give insights into
the optimal assignment of students to classes. When students from a lower social background
profit more from their peers’ background than students from a high social background, more
heterogeneous classes would benefit overall performance (Glewwe, 1997). To investigate
this, we add interaction effects between the peer variable and the individual variable books at
home to the regressions presented in Table 7. Since about half the students have more than
100 books at home, we interact the peer average with a dummy indicating whether the
individual reports more than 100 books at home. The results are presented in Table 8. We
find no evidence that the peer effects are non-linear with respect to student background. Peer
effects tend to be slightly stronger for students with a higher social background in France and
the Netherlands, slightly weaker in Norway and Sweden, and zero in Germany and Iceland.
However, the interaction terms are insignificant in each case. The same is true for the average

effect across all countries.

6 Conclusion
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Peer effects are a major input into the process of educational production but are difficult to
estimate empirically. We estimate peer effects across classes within schools and argue that
classes within schools are formed randomly with respect to family background. We find that
a one standard deviation change in our student background measure of peer composition leads
to a 0.07 standard deviation change in reading test scores of fourth graders across our sample
of six European countries. This is fairly similar to previous estimates of peer effects. The
estimated peer effects are highest in France and The Netherlands and lowest in Norway,
Iceland and Germany. For Sweden, the estimated effects are also high but might be driven by
within-school selection. We find no significant evidence on non-linear peer effects with

respect to student background.

The results indicate that sorting across schools is strong and cannot be fully controlled for by
most available measures of class and school characteristics. Hence, standard OLS estimates
of peer effects that do not control for schools are generally biased upward. The small but
significant peer effects imply that the composition of classrooms affects student learning.
However, the evidence on non-linear peer effects and thus on the optimal mixing strategy of

students is not clear-cut for the primary schools of the European countries investigated.
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Figure 1: Distribution of school-specific p-values for Pearson Chi? test for Germany
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Table 2: Mean scores and sample sizes
(Standard deviations in parentheses)

Germany  France Iceland Netherlands Norway Sweden
Reading score (all) 539.09 525.17 512.42 554.21 499.18 561.01
63.61)  (66.57)  (71.03) (51.15) (77.52)  (61.54)
Reading score (sample) 548.63 533.84 518.59 565.15 504.96 563.45
(59.91)  (64.31)  (68.42) (51.25) (76.04)  (61.47)
Reading score (excl. 548.60 534.55 518.68 562.84 504.44 563.13
streamed schools) (59.73) (65.45) (68.34) (53.62) (76.44) (61.68)
Reading scores 549.37 531.68 506.84 568.77 529.08 569.97
(streamed schools) (64.24) (60.70) (81.04) (47.46) (66.51) (56.62)
No. of students (all) 7,633 3,538 3,676 4,112 3,459 6,044
No. of students (sample) 4,577 2,267 1,728 1,857 2,548 3,940
No. of students in 3,628 1,583 1,301 805 1,748 3,225
schools with > 1 class
No. of schools 183 115 84 105 117 119
No. of schools with > 1 114 55 39 29 54 79
class
No. of classes 301 172 135 141 171 267
NQ. of classes in schools 32 112 90 65 108 297
with > 1 class
Fraction of students in
schools that say to apply 0.0671 0.2757 0.0064 0.3282 0.0352 0.0470

streaming

Scores are weighted by students’ sampling probability, standard deviations are in parentheses. Rows 4 and
below refer to the sample used in the estimations. Last row reports the fraction of students in schools in which
principles state that classes are formed by ability of all students in schools for which principles reply to the

question.
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Table 3: Decomposition of variance in class level means

Germany France Iceland  Netherlands  Norway Sweden
Index of the number of books at home
Mean 3.45 3.30 4.00 3.37 4.00 3.95
Total 2401 3138 .1480 3922 1542 2643
Between 2098 2726 1220 3629 1297 2174
Within .0303 0412 .0259 .0293 .0245 .0469
Age
Total .0326 .0313 .0065 .0306 .0082 0111
Between .0250 .0183 .0050 0212 .0060 .0060
Within .0076 .0130 .0015 .0094 .0022 .0051
Female
Total .0145 .0226 0212 0156 .0145 0158
Between .0085 0174 .0170 .0139 0125 .0091
Within .0061 .0052 .0043 .0017 .0020 .0067
Foreign parent
Total .0459 .0463 .0095 .0488 0222 .0485
Between .0404 .0413 .0069 .0451 .0189 .0386
Within .0054 .0050 .0026 .0036 .0033 .0099
Foreign language at home
Total .0141 0151 .0088 .0345 .0069 .0230
Between 0112 0128 .0058 .0330 .0052 0167
Within .0029 .0023 .0030 .0015 .0017 .0064
Reading test scores

Total 1144.71 1223.61 751.93 896.62 1075.93 1123.78
Between 978.47 908.63 569.62 799.28 933.10 791.51
Within 166.24 314.97 182.31 97.34 142.83 332.27
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Table 4: Regressions of peer variables on class room
and school characteristics in Germany

Dependent Variable
Independent Variable Books Age Female Foreign Foreign
parent language
Class size .002 -.011 .030 .010 015
(.091) (.043) (.017) (.028) (.014)
Class size squared*100 .03 .001 -.06 -.03 -.03
(.2) (.09) (.04) (.06) (.03)
Female teacher .109 .031 .006 -.008 -.009
(.070) (.024) (.019) (.030) (.013)
Teacher education: .001 .026 -.039 .006 -.018
ISCED 4 (.146) (.050) (.039) (.036) (.023)
Teacher education: .065 -.062 -.023 173 .056
ISCED 5+ (.114) (.047) (.034) (.025) (.015)
Teacher’s experience .001 -.002 -.005 .005 .0001
in grade 4 (.011) (.003) (.003) (.004) (.002)
Teacher’s exp. .003 .008 .01 -.01 .00002
Squared*100 (.03) (.009) (.008) (.01) (.006)
Size of town -.077 141 .049 -.084 -.059
<3000 inhab. (.265) (.037) (.074) (.048) (.039)
Size of town .008 .086 -.029 .090 .044
<100,000 inhab. (.081) (.026) (.020) (.030) (.014)
Size of town .045 .073 .004 167 .084
< 500,000 inhab. (.143) (.047) (.031) (.044) (.028)
Size of town -.046 115 .017 230 116
> 500,000 inhab. (.154) (.049) (.035) (.064) (.033)
Instruction hours per 018 .005 -.022 .014 012
day (.053) (.018) (.012) (.022) (.013)
Shortage of staff -.020 .004 -.009 .034 011
(.055) (.018) (.010) (.021) (.011)
Shortage of material .005 -.035 -.001 -.013 .005
(.071) (.022) (.013) (.025) (.015)
Shortage of rooms -.112 .041 .010 .004 .001
(.057) (.022) (.012) (.020) (.013)

Regressions are weighted by the students’ sampling probability. Number of observations is 4,577. Standard
errors are clustered at the school level.
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Table 5: P-values for F-tests on class room and school characteristics
and for Chi? test for independence of peer variable and class assignment

Germany France Iceland  Netherlands  Norway Sweden

Index of the number of books at home
Class 0.4532 0.2477 0.7094 0.4051 0.0995 0.0629
School 0.7095 0.1222 0.0595 0.0005 0.0431 0.4069

Class+school 0.7766 0.0554 0.3538 0.0000 0.0286 0.2857
Class (SFE) 0.4595 0.2647 0.0123 0.3370 0.5675 0.0000
Pearson Chi® 0.2415 0.4708 0.7964 0.7512 0.0893 0.0479

Age
Class 0.0002 0.4605 0.0704 0.0249 0.1587 0.3891
School 0.0050 0.0122 0.3197 0.0015 0.4364 0.1769
Class+school 0.0000 0.0341 0.1603 0.0000 0.2139 0.2642
Class (SFE) 0.0017 0.2482 0.0021 0.0046 0.0000 0.8663
Pearson Chi? 0.0694 0.3208 0.1452 0.0992 0.0467 0.5847
Female
Class 0.1270 0.7678 0.0006 0.0286 0.0089 0.9706
School 0.5170 0.3311 0.5958 0.0000 0.8831 0.3005

Class+school 0.4082 0.5105 0.0062 0.0000 0.0902 0.6486
Class (SFE) 0.5677 0.2751 0.0000 0.1467 0.0036 0.0909
Pearson Chi® 0.1240 0.4340 0.9608 0.6011 0.8827 0.9608

Foreign parent
Class 0.0000 0.1341 0.1339 0.0254 0.5828 0.3449
School 0.0000 0.0001 0.7760 0.0000 0.0000 0.0000

Class+school 0.0000 0.0005 0.3009 0.0000 0.0000 0.0000
Class (SFE) 0.0003 0.0306 0.0000 0.0024 0.0000 0.0054

Pearson Chi? 0.0157 0.3270 0.3201 0.0444 0.1335 0.0030
Foreign language at home

Class 0.0052 0.5956 0.0173 0.1830 0.3365 0.2167

School 0.0004 0.0085 0.6573 0.1222 0.1026 0.0000

Classt+school ~ 0.0000 0.0588 0.0476 0.0000 0.0867 0.0000

Class (SFE) 0.0000 0.3776 0.0001 0.0000 0.0029 0.0001

Pearson Chi? 0.0495 0.7505 0.1861 0.4217 0.4860 0.0010

The first four rows in each panel report p-values of Wald tests for the joint significance of the respective group
of variables. The first three rows refer to regressions of peer variables on class and school variables. The fourth
row refers to regressions of peer variables on class variables controlling for school fixed effects. Running the
regressions at the class level or including the student level variables sex, age, origin and language in the
regressions for the first three rows yield comparable results. The fifth row reports the p-value for Pearson Chi?
tests of independence between the peer characteristic and class room assignment within each school using the
individual level data. See text for details.
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Table 6: Regressions for reading test score on peer composition for Germany
(Standard errors in parentheses)

Independent Variable (D) 2) 3) 4) ®)) (6)
. 1793 1772 17.62 -93 592 682
Peers” index of books at home (3.04) (3.03) (3.03) (6.03) (6.15) (6.30)

-20.15  -6.52 -442 -31.63 -4991 -68.77

Fraction peers 11-25 books athome 1,3 41y 9150y (21.11) (22.87) (42.75) (44.67)

Fraction peers 26-100 books at 21.41  30.07 28.10 -17.32 -22.90 -26.36
home (18.08) (17.01) (16.09) (21.24) (32.38) (33.20)
Fraction peers 101-200 books at 40.48 49.32 4749 -1031 -11.15 -16.21
home (18.88) (17.49) (17.24) (24.85) (39.44) (40.55)

5486 61.87 62.18 -28.67 -15.95 -21.31

Fraction peers 200+ books athome {7 ¢y 1660y (16.16) (30.35) (36.86) (37.36)
v v v v

Student level variables v v
Class level variables v v v v v
School level variables v v

School peer variables v

School fixed effects v v
Exclude streamed schools v
R? 0.256 0.261 0266 0.266 0.301 0.301

Weighted least squares regressions using students’ sampling probability. Number of observations is 4,577.
Standard errors are robust to clustering at the school level. Student level variables are student’s sex and age,
parents’ origin, language spoken at home, number of books at home and number of persons living in household.
Class level variables are class size, class size squared, teacher’s sex, education, experience and experience
squared. School level variables are community size, average daily instruction hours, shortage of staff, teaching
material and buildings. School peer variables are school averages of index of number of books at home and
parents’ origin. Streamed schools are those for which principles state that fourth-grade classes are formed on the
basis of ability. The R? from regressions where the peer variable is an index of books at home is reported.

26



Table 7: Regressions for reading test score on peer composition

(Standard errors in parentheses)

(1) (2) (3) 4) (5) (6)
Germany 17.93 17.72 17.62 -.93 5.92 6.82
(3.04)  (3.03) (303  (603) (615  (6.30)
France 21.84 22.81 22.21 23.59 18.83 12.59
(3.06)  (3.00) (295  (8.02)  (850)  (10.76)
Jeeland 18.11 18.68 20.02 7.19 7.74 4.40
(5790  (5.46)  (5.07)  (12.16) (11.68)  (11.72)
17.49 16.99 19.67 6.09 10.65 20.07
The Netherlands 427)  (421) (433 (863) (935  (10.59)
Norway 15.11 14.33 9.46 3.50 -7.25 -6.90
(730) (735 (734)  (1136)  (9.44)  (9.58)
Syweden 19.08 18.59 17.76 8.44 11.68 11.38
(3.90)  (387)  (417) (644  (1.13) (137
Student level variables 4 4 4 4 4 4
Class level variables 4 4 4 4 4
School level variables v v
School peer variables v
School fixed effects v v
Exclude streamed schools v

Weighted least squares regressions using students’ sampling probability. Peers’ index of books at home is
independent variable. Standard errors are robust to clustering at the school level. Student level variables are
student’s sex and age, parents’ origin, language spoken at home, number of books at home and number of
persons living in household. Class level variables are class size, class size squared, teacher’s sex, education,
experience and experience squared. School level variables are community size, average daily instruction hours,
shortage of staff, teaching material and buildings. School peer variables are school averages of index of number
of books at home and parents’ origin. Streamed schools are those for which principles state that fourth-grade
classes are formed on the basis of ability.
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Table 8: Regressions for reading test score on peer composition
and interactions with individual family background
(Standard errors in parentheses)

€Y) @) 3 “

Peer Inter Peer Inter Peer Inter Peer Inter
Germany 16.62 3.02 -2.39 4.87 6.20 -.83 6.86 -.11

(3.99) @&77) (595 (4.16) (6.27) (4.71) (6.44) (4.87)
France 20.76 2.73 21.16 4.80 16.58 4.23 11.95 2.31

(3.85) (4.62) (8.14) (444) (8.65) (4.65) (11.27) (5.49)
Jeeland 20.99 -4.35 10.50 -4.90 8.39 -.95 4.76 -.53

(8.83) (9.82) (14.19) (10.73) (15.04) (10.73) (15.08) (10.80)

16.60 2.13 3.36 5.99 7.65 6.29 16.32 8.12
The Netherlands

(5.30)  (6.56) (9.37) (6.17) (10.33) (6.41) (10.87) (7.06)
Norway 17.13 265 991 867 229 675 243  -6.06
(11.81) (12.58) (16.33) (13.18) (14.65) (13.19) (15.03) (13.64)

Soeden 1781 1.69 517 459 13.82 276 14.69  -4.43
6.15)  (6.79) (7.93) (7.22) (7.50) (5.94) (7.87) (6.35)

v v v v v v v

Student level variables

Class level variables v v v v v v
School level variables v v
School peer variables v v
School fixed effects v v v v
Exclude streamed v v

schools

Weighted least squares regressions using students’ sampling probability. Peers’ index of books at home
(columns “Peer”) and interaction term of peers’ index and individual level dummy variable for > 100 books at
home (columns “Inter”) are jointly included. Standard errors are robust to clustering at the school level. Student
level variables are student’s sex and age, parents’ origin, language spoken at home, number of books at home
and number of persons living in household. Class level variables are class size, class size squared, teacher’s sex,
education, experience and experience squared. School level variables are community size, average daily
instruction hours, shortage of staff, teaching material and buildings. School peer variables are school averages of
index of number of books at home and parents’ origin. Streamed schools are those for which principles state that
fourth-grade classes are formed on the basis of ability.
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Appendix

Table A1: Weighted mean values
(standard deviations in parentheses)

Germany  France Iceland  Netherlands Norway Sweden
Student background
Student fermale 52 0.49 0.50 0.53 0.49 0.49
(.50) (0.50) (0.50) (0.50) (0.50)  (0.50)
Student’s age 10.51 10.09 9.72 10.24 9.97 10.80
(47) (0.49) (0.28) (0.46) 0.33)  (0.32)
Foreign parent 22 0.29 0.12 0.17 0.17 0.23
(42) (0.46) (0.32) (0.37) 0.38)  (0.43)
Foreign language at home .09 0.12 0.11 0.13 0.08 0.09
(.29) (0.33) (0.32) (0.34) 0.26)  (0.29)
Books at home (index 1 — 3.49 3.32 3.99 3.36 4.03 3.92
5) (1.19) (1.25) (1.01) (1.29) (1.04)  (1.11)
.06 0.10 0.02 0.10 0.02 0.04
0 — 10 books (ref.) (.24) (0.30) (0.13) (0.31) 0.13)  (0.19)
11— 20 books 12 0.14 0.05 0.15 0.05 0.07
(.32) (0.35) (0.21) (0.35) 0.22)  (0.25)
36 0.35 0.27 0.30 0.26 0.26
21 —100 books (.48) (0.48) (0.44) (0.46) 0.44)  (0.44)
19 0.18 0.26 0.19 0.23 0.23
101 —200 books (:39) 038) (0.4 (0.39) 042)  (0.42)
27 0.24 0.41 0.26 0.44 0.41
More than 200 books (.44) (0.43) (0.49) (0.44) (0.50)  (0.49)
Household size 3.54 3.63 3.78 3.51 3.49 3.56
(1.50) (1.45) (1.35) (1.15) (1.17)  (1.26)
Class
Class size 22.77 24.04 19.56 26.65 2032 2420
(3.93) (3.41) (3.98) (5.26) (5.40)  (6.26)
Teacher female .80 0.62 0.94 0.51 0.84 0.78
(.40) (0.48) (0.23) (0.50) 0.36)  (0.41)
Teacher’s education .07 0.43 0.13 1.00 0.02 1.00
ISCED 3 (ref)) (.25) (0.49) (0.34) (0.00) 0.14)  (0.00)
Teacher’s education .01 0.23 0.12 0 0.98 0
ISCED 4 (.12) (0.42) (0.33) (0.14)
Teacher’s education .92 0.34 0.75 0 0 0
ISCED 5+ (.28) (0.48) (0.43)
Teacher’s experience 8.26 9.15 2.84 6.25 3.17 6.72
(7.25) (8.90) (2.73) (5.81) (2.35)  (6.49)
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Table A1, continued: Weighted mean values
(standard deviations in parentheses)

Germany  France Iceland  Netherlands Norway Sweden

School
Vil ) 31 0.25 0.06 0.01 025  0.14
illage (ref.) (0.46) 0.44)  (0.23) (0.09) 0.43)  (0.35)
. 02 0.06 0.17 0.14 0.15  0.08
<3000 inhab. (0.12) 024) (037 (0.35) 036)  (0.27)
. 47 0.51 0.45 0.68 043  0.64
< 100,000 inhab. (0.50) 0.50)  (0.50) (0.47) 0.50)  (0.48)
. 12 0.15 0.32 0.13 010 0.08
< 500,000 inhab. (0.32) 036)  (0.47) (0.33) 030)  (0.26)
. 09 0.02 0.04 007  0.07
> 500,000 inhab. (0.28) (0.13) 0 (0.20) 025  (0.26)
ruction houre/d 3.76 5.06 421 5.02 347 438
nstruction hours/day (0.65) (0.35) (0.54) (0.16) 0.77)  (0.76)
Shortage of staff 1.76 1.23 1.56 1.55 153 2.10
(index 1 — 4) ©081) (045 (081 (0.71) 091)  (1.04)
Shortage of material 1.30 1.50 1.70 1.51 153 1.53
(index 1 — 4) ©051) (075  (0.87) (0.66) 0.74)  (0.82)
Shortage of rooms 1.49 1.40 1.62 1.49 1.67 1.75
(index 1 — 4) 069  (0.76)  (0.94) (0.76) 0.86)  (0.93)

Mean values are weighted by the students’ sampling probability.
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Table A2: Percentage of missing values

Germany  France  Iceland Netherlands Norway Sweden

Reading score 0 0 0 0 0 0

Student female 0 0 0 0 0 0

Student’s age 0.03 0.17 0.03 0.54 1.07 0.02
Foreign parent 9.60 7.80 6.80 2.48 2.46 3.16
Foreign lang. at home 4.40 3.00 3.51 1.53 2.20 2.38
Books 13.32 10.97 16.89 35.41 9.42 9.33
Siblings 8.23 6.53 4.68 4.60 3.79 4.42
Class size 6.86 6.16 6.86 11.84 1.24 4.27
Teacher female 8.14 6.50 7.64 11.31 0.69 4.24
Teacher’s education 9.45 5.54 11.29 - 0.69 -

Teacher’s experience 14.45 6.16 12.40 14.42 3.32 7.63
Size of town 4.48 6.73 23.91 11.87 2.66 4.33
Instruction hours/day 7.91 6.02 18.47 10.00 6.27 11.15
Shortage of staff 4.48 7.55 20.08 10.34 2.11 5.15
Shortage of material 5.04 5.17 21.33 10.80 2.60 4.91
Shortage of rooms 4.48 6.22 20.13 10.09 2.89 3.87
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Table A3: Weighted means of student background variables by the number of books

Germany France

0-20 21- 101-  >200 0-20 21- 101-  >200

books 100 200  books books 100 200  books
Student female 49 .55 51 .50 .50 49 .50 49
Student’s age 10.68 10.52 10.45 1042 1026 10.10 10.03 9.97
Foreign parent 40 23 A5 14 34 .29 24 .29
Foreign language .19 .09 .06 .05 21 A1 A1 .07
Household size 3.60  3.51 349 357  3.85 359 346  3.58
No secondary .07 .02 .01 .01 .19 .09 .03 .03
Lower secondary .29 13 .05 .03 52 .37 .20 .08
Upper secondary 23 27 24 .20 17 24 27 12
Post secondary .36 46 41 23 .09 16 21 20
Tertiary .05 12 .30 .54 .04 13 28 57
Income < 30,0009 .63 45 .30 17 - - - -
30,0008 —50,000$ 32 41 47 43 - - - -
>50,000$ .06 15 23 41 - - - -
Number of obs. 835 1,641 849 1,252 519 764 410 574

Iceland The Netherlands

0-20 21- 101-  >200 0-20 21- 101-  >200

books 100 200  books books 100 200  books
Student female 44 .50 48 .53 .53 .54 .53 51
Student’s age 9.76  9.71 974 9.71 1033 1023 10.19 10.17
Foreign parent 25 12 10 10 25 17 A1 12
Foreign language A5 12 A1 A1 18 A5 13 .09
Household size 3.67 376 374  3.84 3.4l 347 347  3.68
No secondary .06 .02 .01 .01 .02 .01 .002 .002
Lower secondary 22 18 .16 .08 .69 .56 .36 A5
Upper secondary .55 .54 47 27 14 18 13 .09
Post secondary 12 A1 .09 A1 .10 22 40 45
Tertiary .05 15 28 .53 .05 .03 A1 31
Income < 30,0009 34 27 .20 15 48 34 25 16
30,0008 — 50,000% 49 43 41 32 37 41 .39 33
>50,000% 17 .30 .39 .54 16 25 35 51
Number of obs. 110 467 440 711 448 562 336 511
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Table A3, continued: Weighted means of student background variables by the number
of books

Norway Sweden
0-20 21- 101- >200 0-20 21- 101-  >200
books 100 200 books books 100 200 books

Student female 47 .50 45 .50 49 47 52 .50
Student’s age 9.99 997 997 997 10.80 10.81 10.80 10.80
Foreign parent 31 17 14 16 45 .26 .19 17
Foreign language 21 10 .06 .05 23 A1 .07 .05
Household size 3.46 3.37 3.42 3.60  3.85 3.57  3.50 3.51
No secondary .01 .004 0 .001 .03 .003 .002 .001
Lower secondary .09 .05 .02 .01 17 .08 .05 .02
Upper secondary 73 .64 47 .26 .52 .50 .39 22
Post secondary 0 0 0 0 16 24 .30 21
Tertiary 18 .30 Sl 73 12 17 .26 .54
Income < 30,0009 45 28 19 12 46 .30 21 14
30,0008 — 50,000$ 42 47 41 31 44 51 47 38
> 50,0009 13 24 41 57 10 19 32 48
Number of obs. 178 670 565 1,135 346 953 851 1,790

Mean values are weighted by the students’ sampling probability. Number of observations refers to variables
included in Table Al. For the variables highest educational level attained by at least one parent and annual
household income in US$ before taxes the number of observations is lower in most countries.
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Table A4: Regressions for reading test score on alternative peer composition
(Standard errors in parentheses)

(1) (2)
Books Parent"s Books Parent"s
education education

Germany 18.79 14.76 9.39 5.17

(3.42) (3.85) (7.69) (5.84)
France 22.41 17.96 24.29 6.98

(3.28) (2.94) (8.72) (8.86)
Jeeland 17.95 14.79 7.91 -6.82

(5.89) (3.44) (11.83) (12.47)

18.02 17.75 7.55 -30.15
The Netherlands (4.77) (3.86) (10.21) (12.89)
Norway 15.21 15.06 -4.93 -9.00

(7.33) (5.26) (8.62) (8.37)
Syeden 19.36 27.17 11.84 -.05

(3.93) (4.49) (7.11) (7.60)
Student level variables 4 4 4 4
Class level variables v v
School fixed effects v v

Weighted least squares regressions using students’ sampling probability. Peers’ index of books at home and
peers’ index of parents’ highest education are independent variables. Standard errors are robust to clustering at
the school level. Student level variables are student’s sex and age, parents’ origin, language spoken at home,
number of books at home and number of persons living in household. Class level variables are class size, class
size squared, teacher’s sex, education, experience and experience squared.

34



