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Abstract

We suggest a new method for detecting patterns of social clustering based on choice data.

The method compares similar subjects within and between cohorts and thereby allows us to

isolate the effect of peer influence from that of exogenous factors. Using this method on Nor-

wegian register data, we address the question of whether students tend to cluster socially

based on similar background. We find that common background correlates with making the

same choices of curricular tracks, and that both exogenous preferences and peer influence

matter. This applies to immigrant students from the same country, and, to some extent, to

descendants of immigrants, but not to students from culturally similar countries. There are

also small effects related to parents’ education and income.

Introduction

With an increasing availability of large-scale data documenting people’s choices and behav-

iour, observations of people’s actual choices have become more accessible in a variety of situa-

tions. What these data typically do not measure directly, however, is information on the

mechanisms behind these choices, such as the degree to which people interact and influence

each other. We will here present a method for inferring propensities for peer influence

between people based on similarity of choices, drawing inferences from administrative registry

data from upper secondary school on students’ educational choices. We want to study so-

called peer effects and school segregation at the micro-level; more specifically, we want to see if

students of the same immigrant background within the same school and cohort influence each

other’s choices of curricular tracks. The purpose is two-fold: to illustrate that it is indeed possi-

ble to trace out meaningful patterns of interaction in static data such as administrative regis-

ters, by suggesting a specific method, and to use that method to actually detect such patterns

and address a substantial sociological issue. We will start by describing this issue and how it

can be addressed using the presented method, before moving on to the details of the method.

School segregation

Ethnic school composition is usually measured as the concentration of immigrant peers at

school level [1, 2], or within educational cohorts within schools [3–8], or recently at several
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levels simultaneously, by including schools nested within school districts [9]. For immigrant

students, ethnic school segregation means less exposure to the receiving society and fewer

opportunities of learning the language [10]. These, and other, studies of segregation effects

provide indirect support for the existence of peer influence, yet they lack data on social net-

works and what actually happens within the classrooms and in the school yard. Thus, the liter-

ature on school segregation has often assumed that social interaction takes place, yet, until

recently, there were few quantitative studies on how students actually interact in school (see

for instance [11]). Because direct information on social interactions will often not be available,

and because registry and similar databases provide us with rich information contained within

representative and reliable data on choices for a large number of cohorts and geographical

areas, we aim at developing a method that allows us to infer clustering patterns at an aggregate

level based on other variables, such as social background characteristics, using such data. Here,

we use this method to assess the importance of (mainly) ethnic peer influence on the choice of

curricular tracks in upper secondary schools.

The article employs Norwegian administrative register data with information on all upper

secondary school students in five major cities over the years 2006–2011. Specifically, we will

explore similarities in first year students’ choice of curricular tracks for their second and third

year in upper secondary school. As we will explain, this is a choice that does not only have an

educational impact, but also determines which students will remain classmates; it is thus also,

to some degree, a choice of friends.

By studying students’ choices we aim at identifying peer effects between individuals who

share the same socially significant attribute [12]. We focus mainly on ethnicity, but gender, age

group and social background are other relevant examples. Most previous work has pointed to

the fact that racial or ethnic homophily is one of the most important factors in friendship for-

mation [12, 13], and one study suggests that segregation primarily takes place among students

at the same grade level [14]. There are, however, other studies documenting that cross-ethnic

friendships are also frequent [15].

Our main research question is whether we may infer peer influence on students’ choice of

curriculum, based on the actual choices that we can observe. More specifically, we are inter-

ested in whether being and immigrant in general, immigrating from or having parents from a

specific country, as well as originating in culturally similar countries is associated with peer

influence on the choice of curricular specialisation in Norwegian upper secondary school. We

suggest a novel method that can address this kind of questions and associated methodological

challenges. We build our argument on the following logic:

1. Students have educational preferences before they start in upper secondary school. These

preferences vary to some degree by students’ own characteristics, such as their immigrant

status, gender and social background. Preferences are also likely to be affected by other fac-

tors, such as previous teachers, older students and other role models, and peer effects within

lower secondary school and neighbourhoods. By studying curricular choices made by stu-

dents in different educational cohorts at upper secondary school, we will document the

strength of these exogenous preferences (as revealed in students’ educational choices).

2. Our main goal however, is to study choices induced by peer influence based on common

social background characteristics, which can be considered a form of endogenous rather

than exogenous preference formation. Students interact at school during their first year,

and they may thereby influence each other’s educational choices. These social dynamics,

revealed through patterns of social interactions, are likely related to students’ immigrant

status, gender, social background, and other characteristics. Our main focus here is on

immigrant status.
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3. The challenge, then, is to differentiate between exogenous preferences and peer influence.

We do so by comparing the two; that is, to assess the strength of peer influence during the

first year at school we compare the educational choices within cohorts with the educational

choices between cohorts. If the difference between the two are noticeable (as determined by

a significance test), we interpret this difference as an outcome of endogenous preference

formation due to social interaction at school.

Using this method, we will first explore potential peer influence effects related to immigrant

background; second, we will see if these effects persist among descendants of immigrants, and,

if so, if they apply to country of (parents) origin, or to some higher level of aggregation, such as

cultural distance. Third, we additionally address other socio-economic factors, such as gender

and parents’ education and income.

Causes of segregation in school

There are mainly two reasons why we should expect to find evidence of social influence

among students. First, individual opportunities and choices are often affected by social ties

[16, 17]. In addition, individual choices affect others’ opportunities, as illustrated in Schelling’s

[18] model on neighbourhood segregation; see also examples by [19–21]. Our study is limited

to exploring the first part of these social dynamics. Given the importance of social ties, the vital

question would then be with whom do we socialise?

Friendship formation is usually based on the well-documented preference for similarity in

social relations [22–25]. At the group-level, it has been shown that status equality is essential

for positive inter-group relations [26–28]. Associated with this argument is the notion of social

distance, that is, the perceived affinity between people. When making choices, people prefer to

conform to what other people with small social distance do [17]. In line with this, previous

studies have shown that cross-ethnic ties are less stable [12, 29], and emotional support is

more common in intra-ethnic ties [30]. We would thus expect homophilic dyadic interactions

and friendship networks among students with similar characteristics, such as ethnic origin,

and we would expect these interactions to bear some influence on students’ choices of educa-

tional specialisation [31] (see also [32]).

Second, homophily in friendship formation as well as perceived ingroup belonging may

also be related to language. Language acquisition is closely related to social identification [33],

and at school social ties are likely to be formed among immigrant students with similar lan-

guage. Two German studies illustrate the crucial role of language [34, 35] in friendship forma-

tion, arguing that immigrants using the new language were more likely to befriend also native

students (see also [36]). Thus, ethnic ingroup peer interaction as well as language proficiency

are often strong predictors of ethnic identity [36], and immigrants of similar ethnic origin

might prefer to stay together in class because they share a common ethnic identity. Theoretical

modelling (e.g. [37]) has also supported the argument of ingroup preferences as a result of

common references. Social interaction theory would thus lead us to expect social clustering of

immigrant students from the same country of origin, and, from the same logic, we would

expect less social interaction between descendants of immigrants, who, fluent in Norwegian,

would be more likely to associate also with natives.

Third, immigrant students, including descendants of immigrants, may experience harass-

ment, racism, and discrimination at school, which might contribute to ethnic friendship

homophily. A number of studies in the US have addressed peer interactions among blacks and

whites in school, showing that students from underprivileged backgrounds may feel less at a

disadvantage when they are together with similar peers [38–48].
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However, one study of ethnic stereotypes has shown a hierarchy, with “Norwegians and

Swedes at the top, followed by Poles, and then Pakistani and Iraqi (Muslim) immigrants, with

Somali immigrants and Roma people at the bottom” [49]. This ethnic hierarchy corresponds

with cultural and geographical distance from Norway, and if students apply this ethnic ‘rank-

ing’ on each other we might expect cultural distance to matter for their definitions of ingroups

and outgroups.

Social ties in school

During the last 15 years, and especially since the release of the CILS4EU dataset [50], a growing

number of studies have addressed ethnically contingent social ties in European schools. When

students are asked to list their friends, students of the same ethnicity are more likely to be on

that list [30, 51, 52], and they also tend to be similar in cultural and socioeconomic characteris-

tics [53]. Meanwhile, other data, collected in London, has suggested cross-ethnic friendship to

be frequent and of high quality [15].

Here, we have a different approach, detecting consequences of intra-ethnic interaction and

choice similarity that are revealed indirectly. We thereby utilise another type of measurement,

complementing previous studies on self-declared ties. We thus aim to make both a substantial

and methodological contribution to research on patterns of social exchange and their effects.

Given that collecting data on stated preferences is costly, we often only have access to beha-

vioural data, and the proposed method can make use of such already available data. Also, our

results complement those derived from CILS4EU and other datasets, since we here detect pref-

erences based on students’ actual behaviour, and thus avoid discussions about potential misre-

porting, boundary definitions and wishful thinking. Finally, when studying actual behaviour,

the focus is on the consequences of social interaction—in this case educational choice—which

is often what the investigator is mainly interested in.

The present study

In the Norwegian school system, students in their last year of lower secondary school (at the

age of 15) choose a study programme at upper secondary school for the next three years, either

academic or vocational programmes. After the first year, they choose curricular specialisation

tracks within their programme for years two and three. For example, a student who has chosen

a general academic programme can specialise in natural sciences, social sciences or languages

for years two and three. In general, the students on a specialisation track are a subset of the stu-

dents on the whole programme. Typically, school classes, with a maximum of around 30 stu-

dents, are formed within the specialisation tracks (with one or more school classes for each

specialisation track dependent on the size of the student body). This means that students’

choice of specialisation track not only determines what subjects they will study, but also which

of their classmates in the first year will most likely remain their classmates in the second or

third year.

In the first year, students within the same class typically also engage in common activities

such as eating, breaks, sports etc., which makes it very hard not to interact. Thus, students may

coordinate their choices with their friends in order to remain classmates. Choices of specialisa-

tion tracks for the second and third year at school should therefore correlate with social ties

within the class in the first year. We will distinguish between two mechanisms: individual-

based choices related to common exogenous preferences on the one hand, and, on the other

hand, choices related to peer influence (endogenous educational preferences and/or a prefer-

ence for being together in class).

PLOS ONE Segregation within school classes: Detecting social clustering in choice data

PLOS ONE | https://doi.org/10.1371/journal.pone.0233677 June 1, 2020 4 / 27

https://doi.org/10.1371/journal.pone.0233677


Using our data, we cannot differentiate between educational preference formation due to

peer exposure in class and students making educational choices to maintain their social ties.

There are recent methods to separate these mechanisms by means of a stochastic agent-based

modelling approach [54, 55], but this approach requires rich and detailed longitudinal data on

social ties. Whether choices result from maintaining social ties or from being influenced by the

same peers, however, both are still effects from social clustering. Also, for our data, we do not

have the problem of cause and effect: our observation is a choice that was made after a year of

social exposure to peers.

In what follows, we will present the suggested method for inferring increased propensities

for social clustering based on educational choices. We will then describe the data in further

detail. The Results section first focuses on choices with respect to common country of origin

(for both immigrants and descendants), robustness checks, and a discussion about how we

should interpret effect sizes. We then proceed with broader measures than country of origin

(e.g., through cultural distances), and also examine other demographic and socio-economic

variables. Finally, we discuss the significance of the results and the potential use of the sug-

gested method for further studies.

Methods

We develop a three-step analysis to distinguish between the two mechanisms of exogenous

educational preferences and choices related to endogenous (social and educational) preference

formation that results from social interaction in class. We first explore similarity in first-year

students’ choice of curricular tracks (within classes/educational cohorts). We expect these

choices to be affected by their common exogenous preferences as well as endogenous effects.

Second, we explore similarity in choices made by students that were not classmates (between

classes/educational cohorts). This gives us a measure of common exogenous preferences

between students making their choices in different years. Comparing choices within and

between school classes, we aim at isolating choices related to within-class peer influence from

choices related to exogenous educational preferences.

Our research question and data pose methodological challenges. For example, most linear

and discrete choice models study choices in social isolation. There are relatively recent

attempts at incorporating the impact of social networks and peer influence (e.g. [56]), but gen-

erally these assume a known network structure and include a measure of overall, instead of

dyadic, peer effects (e.g., here it could be the classroom composition) on agents’ preferences or

educational outcomes (for an overview, see [57]). Here, however, we are studying choices that

are made simultaneously and the extent to which pairs of students make the same choices. Our

unit of analysis is thus the dyad, which is, in turn, nested in a network structure.

We know of no existing alternative method that could directly address simultaneous dyadic

choices, controlling for structural dependencies (and exogenous effects). For example, in a

McFadden discrete choice model, the peer effects terms would end up being infinitely recur-

sive (see also [58, 59]). Therefore, we suggest a combination of statistical methods, where, as

will be described below, we study correlation coefficients between the existence of links (or

ties/edges) in graphs constructed with respect to the input and output variable, respectively.

The method has been implemented in R, and the code is available on Github [60].

Data requirements

We will illustrate the method using the specific case of choices of curricular tracks in school,

but let us first, and more abstractly, provide the general assumptions for the kind of the data

that can be used. The requirements increase the more that needs to be controlled for.
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We are assuming data for a number of individuals where two variables are to be compared

for whether similarity between two individuals in one of the variables is associated with simi-

larity in the other, meaning that dyads are the units of analysis. More formally, the data could

be construed as two two-mode matrices A and B, where the rows of the two matrices represent

the same individuals and the columns the two variables, respectively. The aim is to compare

the two one-mode matrices AAT and BBT. We can control for structural dependencies using

conventional methods (Quadratic Assignment Procedure, QAP, described below).

If data are grouped by a third variable, such that only individuals in the same group are to

be compared with each other, then a summary measure can be computed using our combined

meta-analytic QAP approach below.

If data are further grouped by a fourth variable, such that the groups of the third variable

are subsets, then our method provides a way to measure the net effect of common membership

(for pairs of individuals) in the subgroup defined by the third variable as compared to the

group defined by the fourth. For a meaningful interpretation, all the subsets should be defined

by common properties. The implications of demonstrating a significant such net effect is that

properties that are exclusive to the subgroups as compared to the groups make individuals that

are more similar along the first dimension more similar along the second.

Measuring the effect size

The units of analysis are dyads, and each student in a class is paired once with each other

student. This means that we have one matrix of the independent and one of the dependent

variable, representing similarity between the students in each dyad. The matrices have the

properties of adjacency matrices, and can each equivalently be represented by a graph: one

graph where nodes represent students and links are drawn between students with the same

characteristics, and another graph where the links represent similar educational choices.

(Note that these are not social ties, but links indicating similarity between the nodes in a vari-

able. Even though these are not necessarily social networks, they still have the mathematical

properties of networks, and conventional methods apply.) Constructing these two graphs for

all students in all classes, our research question is then whether the two types of graphs are

correlated on the aggregate level. See Fig 3 for an example of what the two types of graphs

can look like.

More formally, we have individuals i 2 {1, 2, . . ., n}, each with an individual trait and a

choice outcome. Let vi be the individual trait, say, country of origin for individual i, and V =

{v1, v2, . . ., vn} be the countries of origin for all n immigrant students in a school class. From

this given data, we construct an adjacency matrix A such that Aij = 1 if vi = vj and Aij = 0 oth-

erwise, that is, A indicates whether students i and j are from the same country. In this exam-

ple, A is a matrix of binary variables, but it can also be generalised to a distance matrix,

containing scale variables, where, for example, Aij is a normed difference between vi and vj.
For the same individuals, we let wi be the choice variable, say, choice of specialisation within

a study programme, with W = {w1, w2, . . ., wn}. From this given data, we construct the corre-

sponding adjacency matrix B, that is, Bij = 1 if wi = wj, students i and j made the same choice,

and Bij = 0 otherwise. The effect measure is the (element-wise) correlation ρAB between A
and B.

Graph correlation coefficients can tell us whether having the same background, say, is asso-

ciated with making the same choice. However, we are interested in whether such an outcome

is caused by social exposure, or if it can be explained by higher propensities for students of

given demographic or socio-economic characteristics to make certain choices. Another possi-

ble covariate is that going to certain schools may increase the probability of certain
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combinations, for example because a school may have profiled itself in a specific specialisation.

In larger cities, schools are segregated by ethnicity and socio-economic status. These biases in

school choice could affect the result. Thus, we need to control for both common exogenous

educational preferences, related to demographic or socio-economic characteristics, and

school-specific conditions.

The impact of both of these factors can be tested by comparing students not to their class-

mates, but to other students in the same programme and school, but who started in a different

year. Instead of constructing one graph for each class (defined by school, programme and

year), we have constructed a graph including all years (defined only by school and pro-

gramme), with possible links between students only if they are not in the same class (so dyads

of students from the same year are not included). This design allows for exogenous preferences

and school-specific conditions to give correlations between the demographic or socio-eco-

nomic variable and choice graph, while excluding within-class peer influence and choices

based on retaining friends as classmates.

In more formal notation, we build adjacency matrices A and B over all cohorts {C1, . . ., Cm}

from the same school and programme, where all individuals belong to exactly one cohort. Val-

ues Aij and Bij are assigned as above, but for i, j 2 Ck, k 2 {1, . . ., m}, Aij = Bij =⌀, that is, those

values are excluded in the computation of ρAB.

We thus perform a three-step analysis. First, we compute a within-class correlation coeffi-

cient, where students are compared pairwise to their classmates, with links between those in

the same class with the same characteristics in the first graph, and those making the same

choice in the second. This provides a measure of both endogenous and exogenous effects.

Next, we compute a between-class correlation coefficient, where students are compared pair-

wise to everyone on the same programme in the same school, but in different cohorts (e.g.,

students starting in 2006 are compared to students starting in 2007–2011), thus measuring

exogenous effects. Finally, we compare these two coefficients and measure the excess effect of

demographic variables. To the extent that the exogenous effects are indeed of the same size in

the first and second step, the excess effect isolates the endogenous effects, which we argue are

effects of social exposure, which should be mainly driven by social ties (preferences for remain-

ing together) and social influence from selected peers.

Dealing with statistical dependencies

A complicating factor when studying choices in dyads is that we have strong dependencies,

perhaps most evidently in what is known as triad closure. Given students A, B and C, if both B

and C have made the same choice as A, then we know that B and C must also have made the

same choice. This is the extreme, deterministic, case of a triad closure: it is not even possible to

have exactly two links in a triad where the links signify having a trait in common. We need to

control for the underlying graph structure. This can be done through the Quadratic Assign-
ment Procedure (QAP), which is a strategy enabling statistical significance testing taking the

graph structure into account [61].

In the QAP, the input graph is relabelled randomly, such that the characteristic under study

retains its distribution, but is assigned randomly to all individuals. If, say, A and B have the

same country of origin, then they will have a connection in the input graph. Depending on

whether they made the same educational choice, they may have a connection also in the output

graph. We retain the connections between nodes, but relabel them in the input graph, such

that A and B may now be labelled C and D, say, and will be compared to these nodes in the

output graph. Representing graphs as adjacency matrices, this amounts to randomly permut-

ing the rows of the matrix and then applying the same permutation to the columns. The null
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hypothesis of the QAP test is that the observed correlation was drawn from the distribution of

correlation coefficients on the set of all relabellings of the graphs. In practice, by repeating the

relabelling procedure and computing simulated correlation coefficients, we can approximate

this distribution and compare it to the observed correlation. The null hypothesis is rejected at

significance level α if less than a fraction α of the simulated values are greater than the observed

value.

Note that developing an alternative method based on an approach such as discrete choice

modelling would also require similar simulations of different possible scenarios, with several

design choices, in order to resolve the infinite recursion of the peer effects term.

Summarising over classes

Conducting studies over several classes, it is not straightforward how to combine these into

one single measure. Students over all schools are facing the same kind of choice, so both the

independent and the dependent variables have the same meaning (e.g. a risk ratio of r means

that students of the same origin are r times as likely as those from different origins to make the

same choice). However, the effect sizes from each class are not directly comparable, as they

depend on the graph structure and the variance. In order to estimate a summary effect, and

to assess the consistency across classes, it is clear that the individual effect sizes need to be

weighted. A conventional method is to weight them by their precision (measured by variance,

e.g., small classes typically provide less confidence in the estimate of the actual effect than large

classes). There is a method that also allows for the actual effects to vary between classes.

If we consider each class a separate experiment, then we can perform a meta-analysis over

all experiments. In a fixed-effect model, this amounts to computing a weighted average of the

effect sizes. The weights are commonly set to be the inverse variance of the effect in each study.

Our studies fulfil the assumptions of samples being drawn from the same population, using

the same variables etc.

There are, however, also sources of heterogeneity in that the graph structure and the distri-

bution of educational choices vary over classes. Even if students from the same country would

be equally more likely to choose similarly irrespective of school and class, the true effect size is

still subject to structural limitations, varying between classes. In order to account for this, we

mainly use a random-effects model instead, which reduces the differences in weights by adding

to each within-study variance a random effects variance component measuring the variability

between studies. For our main analysis, we also present the fixed effect sizes. In the present

studies, the random effects variance is small, and there is thus little difference between the two

models. For an overview of meta-analyses, we refer to [62].

The weighted mean effect ρ is computed as

r ¼

Xk

i¼1

wiri

Xk

i¼1

wi

;

where k is the total number of studies, ρi is the correlation coefficient for study i, and wi the

corresponding weight, computed as

wi ¼
1

s2
i þ t

2
;

where s2
i is the within-study variance for study i, and τ2 is the between-studies variance, which
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is in turn estimated according to the [63] method, computed as

t2 ¼ max 0;

Xk

i¼1

vir
2
i �

�Xk

i¼1

viri

�2

Xk

i¼1

vi

� ðk � 1Þ

Xk

i¼1

vi �

Xk

i¼1

v2
i

Xk

i¼1

vi

8
>>>>>><

>>>>>>:

9
>>>>>>=

>>>>>>;

;

where vi ¼ 1=s2
i is the inverse within-study variance for study i (see also [62, p. 72–74], where

Yi is the effect size, ρi). The computations are the same for a fixed-effect model, except for

excluding the between-studies variance, which amounts to setting τ2 = 0.

Finally, we do not compute the variances and weighted mean directly over the correlation

coefficients, but rather over their respective Fisher’s z transformed values [64, 65]. We then trans-

form the weighted mean �z back to the original scale. The z value of a correlation ρ is given by

z ¼
1

2
ln

1þ r

1 � r
:

In the extreme cases where ρ = 1 (which would happen mainly for simulated coefficients over

small classes), we suggest to replace ρ by ρ − ε, where, for example, ε = 0.0001. This had no

observable effect in our study.

Combining approaches

We will combine the two approaches for dealing with statistical dependencies and summarising

over classes into what we can label a meta-analytic QAP approach. Following the idea of QAP,

for a class i 2 {1, . . ., n}, we simulate 2m graphs with the same graph structure, producing m sim-

ulated correlation coefficients r1,i, . . ., rm,i, and thus a probability distribution of the correlation

coefficient under the null hypothesis of no effect in the given graph structure. From this we can

estimate the variances s2
i and thus also the between-study variance τ2. The inverse of the sum of

the within- and between-study variances (wi from the previous section) of this distribution then

gives us the weight applied to the actual correlation coefficient, ρi, and the weighted sum ρ.

The aggregated correlation coefficient ρ needs to be compared to an aggregated distribution

of simulated coefficients. Using the first simulated correlation coefficient r1,k from each class

k 2 {1, . . ., n}, we can also use the derived variances to compute a weighted average simulated

correlation �r1. Reiterating this process for all of the simulated graphs for each class produces m
weighted average correlations �r1; . . . ;�rm, and thus a probability distribution of possible meta-

analytic correlations, given the graph structures of all the classes. Again, in line with the QAP

approach, we use this distribution to test the weighted average of actual correlations against

the null hypothesis that the correlation may have been caused by the graph structure only,

with random allocation of choices preserving the distribution.

Ethics statement

No new data has been collected. Access to the register data has been approved by The Norwe-

gian National Committee for Research Ethics in the Social Sciences and the Humanities

(NESH), the NSD Data Protection Services (Personvernombudet) and Statistics Norway.

Data

We used Norwegian register data for students starting their upper secondary education in the

years 2006–2010, and starting their curricular specialisation the following year, in five
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Norwegian cities and 120 schools. We limit the number of cohorts to only these five, to main-

tain similarity for the between-cohort comparisons. Henceforth we refer to the students in a

programme at the same school within the same year as a class (even though, in reality, this

may correspond to several school classes if there are many students on the same programme

within the same school).

The total number of individuals in the data is 51,315. We used only students starting their

curricular specialisation track one year after they started at the general programme, and at the

same school, leaving 42,577 individuals in our data, out of which 2,940 (6.9%) are immigrants

and 6,847 (16%) are native-born descendants of immigrants. Among the descendants, 4,675

(11%) have an immigrated mother. We included only students whose country of origin is

known.

The number of individuals, N, included in the respective analyses varies, for several reasons.

In general, N is larger in the between- than the within-class analyses of ethnicity. In order to

compute a correlation coefficient for choices with respect to shared origin, there needs to be at

least one pair of students from the same country (and one pair from different countries) in the

same class. When comparing over several years, it is more likely that this condition will be ful-

filled. Note also that, at the same time, the number of classes, n, is smaller when classes are

defined as including several years. We performed a robustness check, described in the Appen-

dix section Alternative designs, to investigate whether the slightly different subsetting of data

affected the correlation coefficient.

The variable under study also impacts N. For our scale variables: cultural distances, parental

education and parental income, there needs not be a pair of students of shared origin in order

to compute a measure, which enables a larger N. At the other end, N is reduced by the fact that

the educational level of parents of immigrants is not always known, and we can only compute

cultural distances between pairs of students from countries included in the World Values

Survey.

As described in the Introduction, students first choose a general programme for their first

year at upper secondary school, and then a curricular specialisation track within the pro-

gramme for their second and third year. The most popular choice is a general academic pro-

gramme, followed by 23,636 (56%) students in our data. Among these students, almost

everyone chose a specialisation in either natural sciences (10,816, or 46%) or language, social

sciences and economy (12,264, or 52%). The remaining students not on a general study pro-

gramme followed a variety of mainly vocational tracks. The number of study programmes in

the data is 22, of which 14 had at least 100 students. The number of specialisations is 53, of

which 32 had at least 100 students. The most common choices of specialisation tracks and

origins of immigrants and descendants are presented in the Appendix section Origins and

choices of the students.

Results

Our main study investigates the extent to which pairs of immigrant students within the same

class (students at the same school, programme and year) make the same choice of curricular

track, dependent on whether they also share country of origin. We compare this result to the

choices made by students on the same school and programme, but who were in other cohorts

(i.e., between cohorts). We also compare within- and between-cohort choices among descen-

dants of immigrants, and then go on to investigate different levels of origin. Is peer influence

more prevalent between students from similar countries, and do we find this pattern also

when considering immigrants as one group versus natives? Finally, we explore effects related

to other demographic and socio-economic variables, such as gender, and parents’ education
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and income. We present robustness checks in conjunction with the results. To further calibrate

the robustness of our method, we have also investigated alternative designs, which are pre-

sented in the Appendix.

All the weighted correlations and p-values from our studies are summarised in Table 1. In

the following subsections, we describe the tests and their results in more detail.

Same country versus different countries of origin

Our main hypothesis is that students with the same country of origin will influence each oth-

er’s choices, so that students with the same country of origin make more similar choices than

students with different countries of origin. We start by looking only at immigrant students

within the same class. For each cohort, we constructed 1,000 simulated graphs for significance

testing, following the concept of QAP.

The weighted average correlation coefficient within classes is ρw� 0.057 (or ρw� 0.053 in

the fixed-effect model). The probability under the null hypothesis to obtain this value or higher

is p< 0.001. Thus, the null hypothesis can be rejected with high confidence (see the within

condition in Fig 1), and we conclude that there is a significant correlation among immigrants

between shared country of origin and making the same educational choice. These analyses are

based on n = 125 classes, at 52 schools, with N = 1, 175 students. Thus, within each class, the

average number of immigrants is 9.4, and each class includes, on average, immigrants coming

from 7 (6.95) countries. In total, the numbers of shared origin dyads, triads etc. are 162, 32, 15,

3, 3, 0, 0, 1.

To what extent can this result be attributed to exogenous effects? We performed the same

analysis, but between classes, that is, with graphs consisting of cohorts of all classes on the

same programme in the same school over all years, removing links and non-links between stu-

dents enrolled in the same year from the analysis.

The correlation in this analysis is ρb� 0.019 (or ρb� 0.023 in a fixed-effect model). This

coefficient is smaller than within classes, but significantly different from random allocation

of choices retaining the graph structure, with p< 0.01 (see the between condition in Fig 1).

Table 1. Summary of results. Correlation coefficients, significance levels and p-values (from the QAP, without adjustment for multiple testing in subgroups) for all 16 sep-

arate tests.

Test Group Subgroup Within p Betw. p Diff. p

Ethnicity Im. All .057 ��� .000 .019 �� .004 .038 �� .006

Men .079 � .016 .038 � .047 .040 .090

Women .082 ��� .000 .036 � .011 .045 � .012

Desc. All .031 ��� .000 .015 �� .001 .016 � .033

Men .024 � .043 .016 � .047 .008 .232

Women .049 ��� .000 .031 ��� .000 .018 .076

Cult. dist. Im. All .012 .304

Men .018 .423

Women .028 .241

Im. status All .014 ��� .000 .011 ��� .000 .003 .251

Sex All .029 ��� .000 .024 ��� .000 .004 .052

Im. All .029 � .025 .004 .144 .025 .081

Education All .018 ��� .000 .008 ��� .000 .010 ��� .000

Im. All .022 .223 -.015 .503 .037 .227

Income All .009 ��� .000 .002 �� .004 .008 � .015

Im. All .024 � .011 -.006 .083 .030 .172

https://doi.org/10.1371/journal.pone.0233677.t001
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These analyses are based on n = 85 classes with N = 1, 964 students; the average number of

immigrants is 23.1 from 13.8 countries. In total, the numbers of shared origin dyads, triads etc.

are 242, 83, 33, 23, 6, 6, 6, and 7 groups are larger than 8.

How do these values compare, then, net of their respective graph structures? Pairing up the

values from the simulated within- and between-class graphs randomly gives us a distribution

of differences to which we can compare the actual difference. We find that, in more than 99%

of the cases, the difference between the within- and between-class correlation coefficients are

larger than the differences between the simulated values, which we accept as statistically signif-

icant (ρw − ρb� 0.038, p< 0.01).

In this design, we do not control for other demographic variables. Particularly, girls and

boys tend to segregate in classroom situations. Assuming there is no gender bias associated

with certain ethnicities, there is no reason to expect gender to be a driving factor behind our

results. However, we can test our hypothesis net of gender effects by performing the analyses

on boys and girls separately. The effect is more significant for girls than for boys, and while

there is a retained difference between the within- and between-class measures for girls, we

could not safely conclude that there is a real difference for boys (see Table 1). These results

show that the measures increase in absolute terms, while they also become less significant.

However, samples are relatively small, which may account for higher p-values, but also, due to

the structural dependencies in the data, the measures are not directly comparable.

As a robustness check, we also tested alternative designs, presented in the Appendix, where

we make use of data from the natives in the class, or include only a subset of the students in the

within-class condition for the between-class condition. These alternative designs and samples

produced qualitatively similar results, and the remaining presented findings are based on our

first meta-analytic QAP approach, which requires less computational power than the first

alternative design, and includes more data than the second.

Descendants of immigrants. We performed the same analysis on native students with an

immigrant mother and compared pairs of students whose mother came from the same country

to pairs where their mothers came from different countries. The within-class measure is ρw�
0.031 (p< 0.001, N = 2, 878, n = 205), while the between-class measure is ρb� 0.015 (p�

Fig 1. Probability distributions of correlations in the within- and between-group designs under the null hypothesis that choices are randomly allocated

irrespective of country of origin. The dashed lines represent the observed correlations.

https://doi.org/10.1371/journal.pone.0233677.g001
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0.001, N = 3, 561, n = 89) (see Fig 2) and the difference ρw − ρb� 0.016 (p� 0.033). Similar to

the immigrant analyses above, the effect seems to be mainly driven by women. Restricting the

analysis to students where both parents come from the same country produces similar results.

Comparing the effect size for descendants to that of immigrants in the same way as comput-

ing the difference between the within- and between-class measures, gives a significant net mea-

sure of 0.026 (p� 0.041) within classes (but not between classes). Thus, we found evidence

that endogenous preference formation also remained in the second generation, though with a

reduced effect.

Interpreting the effect size. How should we interpret the sizes of the correlation coeffi-

cients found here? First, it needs to be noted that the theoretical maximum is considerably

below 1. We hypothesise that students of the same origin are more likely to choose similarly.

However, a large correlation coefficient would require not only that all students from the same

country make the same choice, but also that students from different countries always choose

differently, which is not possible (and not predicted by the hypothesis) given the small number

of available choices related to the number of students.

To get an estimate of a maximal effect size, we changed the specialisation choices of the stu-

dents in such a way that all students from the same country always made the same choice.

More specifically, within each class, everyone within a group was registered with the majority

choice of their group. (In case of a tie, that choice was randomly selected among the most com-

mon ones.) This pattern provided a correlation within classes of ρw� 0.29 and between classes

of ρb� 0.23. Thus, when everyone with the same background characteristics make the same

choice, the maximum within-class effect size is 0.29.

To build up an intuition for the magnitude of the effects found here, Fig 3 presents the ori-

gin and choice graphs for a typical class in the data. This class has a correlation (ρ� 0.059)

that is close to our weighted mean (ρ� 0.057). This is a class on the academic programme,

with natural science and social science as the two available choices of specialisation. By making

only one change, so that all the Chinese students would choose natural science instead of one

of them choosing social science, the choices would be completely in line with our hypothesis,

and provide a theoretical maximum similar to the hypothetical discussion above. Such a

Fig 2. Probability distributions of correlations in the within- and between-group designs under the null hypothesis that choices are randomly allocated

irrespective of mother’s country of origin. The dashed lines represent the observed correlations.

https://doi.org/10.1371/journal.pone.0233677.g002
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change would produce a maximal effect size of ρmax� 0.24, which is also close to the maxi-

mum of the meta-analysis.

The method is agnostic to choice of measure of effect size. Correlation coefficients have the

benefit of being applicable also to continuous data, which is relevant for our analyses below. In

the present case, however, the variables are dichotomous, and we could use other measures,

such as ratios. Since several classes lack students from the same country making different

choices, risk ratios are more viable (and easier to interpret) than odds ratios. The within-class

‘relative risk’ for immigrants from the same country to make the same choice compared to

immigrants from different countries is RRw� 1.27 (p< 0.001, fixed effect RRw� 1.25,

p< 0.001), that is, students sharing country of origin are 25% more likely to choose similarly

(see Fig 4; cf. Fig 1). Between classes, the ratio is RRb� 1.11 (p� 0.004, same fixed effect,

p< 0.001). The additive difference between these risks is RRw − RRb� 0.16 (p� 0.016). How-

ever, it is easier to interpret the ratio of these risks, that is, the ratio of choosing more similarly

among students of the same origin within versus between classes. Calculating this ratio, we get

RRw/RRb = log RRw − log RRb� 1.15 (p� 0.032, fixed effect RRw/RRb� 1.13, p� 0.045). Sim-

ilar to the correlation coefficients, all cases are significant, though at a lower level when com-

paring the within- to the between-classes measures.

Correlations with cultural distances

In the previous analyses, students were binary categorised as belonging to the same or different

groups. To further explore choice patterns related to immigrant students’ country of origin we

have performed analyses where we allow for a continuous categorisation, using a “cultural dis-

tance” measure from the World Values Survey. Cultural distance, generated from the results of

[66], is a measure of how far apart countries are, as documented by survey data on the popula-

tions’ attitudes to survival versus self-expression values and traditional versus secular–rational

values. This measure allows us to explore, for example, if immigrant students from Sweden

and Denmark are more similar in their educational choices than immigrant students from

Sweden and Pakistan, and whether social choices are more likely between the first pair of

Fig 3. Example of a class from the data, with origin and choice graphs with correlation coefficient 0.059. The left panel has nodes coloured according to choice and

connections between students of the same origin. The right panel has nodes coloured according to origin and connections between students making the same choice.

https://doi.org/10.1371/journal.pone.0233677.g003
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students. We use the same methods as above, with the only difference being that the graph rep-

resenting the independent variable is now weighted (i.e., the adjacency matrix has the values of

the cultural distances instead of 0 and 1).

For each pair of students, we measured the cultural distance between them, based on their

countries of origin, as the independent variable, and their educational choice, as the dependent

variable. We excluded pairs of students with zero cultural distance, that is, those of common

origin. The result was a correlation of ρw� 0.012 (N = 1, 099, n = 175, p� 0.30). Cultural dis-

tance thus does not seem to be a strong predictor of similarity in curricular choices. We also

performed the analysis including pairs of students of the same origin. The result was a smaller

effect than that of dichotomously defined within- and between-group pairs based on country

of origin, suggesting that students do not on average choose more similar to students from

countries that are culturally close than to other students, at least not by this measure of cultural

distance.

Immigrants versus natives

We performed an analysis where all immigrant students were grouped together and where we

also included the natives. A pair of students are considered to belong to the same group if they

are both natives, or both immigrants. The within-class correlation is then ρw� 0.014 (N = 30,

300, n = 580, p< 0.001). The between-class correlation is ρb� 0.011 (N = 33, 202, n = 174,

p< 0.001) (see Fig 5). While the sample is large enough for these small effects to be statistically

significant, the difference between them is not. This is consistent with our previous finding

on cultural distance: similarity in curricular choices pertain to students from the same country

of origin. We thus do no find any evidence of endogenous preference formation related to

higher-order levels of shared origin, such as culturally similar countries, or being immigrants

(regardless of country of origin), as compared to being natives.

Other demographic and socio-economic variables

We also investigated the impact of gender, parental education and parental income. Restricting

the analysis to immigrants gives us a good opportunity to check for potential confounding

Fig 4. Probability distributions of relative risks in the within- and between-group designs under the null hypothesis that choices are randomly

allocated irrespective of country of origin. The dashed lines represent the observed risk ratios.

https://doi.org/10.1371/journal.pone.0233677.g004
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factors in our main results. After this, by including all students (i.e., also natives), we extended

the analysis beyond ethnicity to see whether similar clustering takes place also for other indi-

vidual characteristics.

We chose number of years of father’s education as the measure of parental education, and

the average income of both parents as the income measure. If we lack information on one of

the parents’ income, then the average is simply the other parent’s income.

While gender is a straightforward dichotomous variable, years of education and income are

scale variables. In these latter cases, then, we calculated the distance between each pair of stu-

dents by taking the absolute difference between the respective measures. The results are pre-

sented in Table 1.

Restricting the analysis first to the group of immigrants, the dataset is comparable to those

in our previous studies. We find that there are no significant effects in the between-class analy-

ses, nor in the differences between the within- and between-class correlations. Within classes,

the effects are significant at the 0.05 level for gender and income, but not for education. Thus,

our results are mainly inconclusive as to whether there are discernible effects among immi-

grants with respect to these demographic variables, which contrasts the demonstrated effects

of country of origin. We conclude that the ethnicity effect cannot be explained by gender,

parental education or parental income, and that the ethnicity effect appears to be more

important.

Performing the same test, but now including all students (i.e., also natives), we find that all

effects are significant. Again, the samples are obviously considerably larger (29,667–34,374 stu-

dents, compared to 1,012–2,037 students with immigrant background). With such a large sam-

ple, the simulated probability distributions for the three different variables are highly similar,

making the correlation coefficients roughly comparable. The largest coefficient is that for gen-

der; we have two thirds of that effect for father’s education, and one third for parental income.

At the same time, most of the effect for gender seems to be explained by common exogenous

preferences, while there is some evidence of endogenous preference formation based on com-

mon parental education, and, possibly, also parental income.

For robustness, we also tested the influence of varying class sizes and number of available

educational choices. We conclude from the results in the Appendix on robustness that the

Fig 5. Probability distributions of correlations in the within- and between-group designs under the null hypothesis that choices are

randomly allocated irrespective of whether the pairs of students are both immigrants or natives or one is an immigrant and the

other a native. The dashed lines represent the observed correlations.

https://doi.org/10.1371/journal.pone.0233677.g005
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results are largely robust and that the major effects we have found are not dependent on the

choice of including or excluding small classes with fewer choices.

Conclusions

Summary

In this paper, we suggest a new method for identifying endogenous preference formation

based on specific characteristics. The method can be applied when we have large amounts of

data that allow for a ‘control’ and ‘effect’ design. The studies are correlational, and we do not

reconstruct actual social ties, but we identify added propensities for social clustering based on

common characteristics in other variables.

We used this method to explore segregation at the micro-level, that is, we have analysed stu-

dents within and between and school cohorts, to detect patterns of peer influence. In particu-

lar, we have explored if students make more similar choices of curricular specialisation to

peers of the same country of origin as compared to other students, and whether this is a result

of endogenous preference formation in classes. To do so, we differentiate between (a) exoge-

nous preferences, that is, choices related to common inherent preferences (such as country-

specific preferences, and going to the same school), and (b) peer influence, that is, endogenous

preferences related to social processes within the class, as well as preferences for being together

in class next year. We are, however, not able to differentiate between the two last types of

endogenous mechanisms, which we refer to as peer influence. Table 1 summarises our main

findings.

Comparing within and between educational cohorts, our results show that immigrant stu-

dents’ educational choices correlate with common country of origin, and, to some extent, this

is also the case for descendants of immigrants, categorised by their mother’s country of origin.

The differences between these measures, within and between cohorts, are also significant, giv-

ing us a measure of endogenous preference formation, which is the net effect that measures

peer influence in class. The effect is possibly larger among female students. Further, the effect

is significantly larger within classes for immigrants than descendants, but not between classes,

which suggests that there is stronger ethnic clustering in the choices made by immigrants than

descendants, while preferences from home may be similar.

We also investigated whether the domain can be extended to include pairs of students from

culturally similar countries, but categorising students by cultural distances was not predictive

for educational choices. This result is largely consistent with what [67] found.

Finally, we compared all immigrants with all natives. While educational choices do corre-

late with being an immigrant, this correlation can be attributed to immigrants more often

making similar choices in general rather than to peer influence. Again, social boundaries have

often been found to be larger between some immigrant groups than between immigrant

groups and natives [67].

From these observations, we draw the conclusion that there is clustering of peer influence

among immigrant students, and to some extent descendants of immigrants, based on shared

country of origin, and the results confirm that the level of analysis should be the country-level,

as also suggested by [68].

While there is more evidence for these effects among female than male students, there

appear to be no significant endogenous preference effects based on only gender, nor on having

similar education or parents with similar income, in the group of immigrants. It should be

noted that for example the group of girls in a class is large and that we are measuring average

effects. It might be less likely that all girls influence each other than students of a more
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confined group, and the conclusion from this is not that gender is unimportant, but that it is

not the right level of aggregation for peer influence.

While we found no significant effects on curriculum choice over and above exogenous

effects, same gender has previously been shown to be important in social tie formation [52],

and given the larger ethnic effect among girls, there may be an interaction effect. In addition,

the observed patterns may potentially be confounded by other factors, such as school perfor-

mance [55]. A previous study, however, using data on students in English, German, Dutch

and Swedish schools, found that cultural and socioeconomic differences did not explain intra-

ethnic homophily in friendship patterns [53]. As it currently stands, though, the presented

method does not enable us to measure the effects from one variable directly controlled for

another. For this purpose, we call for further methods development.

Looking at the whole population, including natives, vastly multiplies the number of obser-

vations. The results showed that there is a gender-based curricular choice similarity, but that

these can be ascribed to common exogenous preferences. Looking at students’ social origin,

however, we found some evidence of endogenous preferences based on similar background

with respect to parents’ education and income.

In sum we interpret the differences between choice of curriculum within cohorts and

choices between cohorts, as an indication of ethnic peer influence. More specifically, a graph

over peer influence will more likely have cliques based on country of origin than the other

categories we have investigated, such as gender. Comparing curricular choices within and

between cohorts, we find on the aggregate scale that students behave more similarly based on

their background. Our design shows that this is not likely to be exclusively an effect of having a

common background as such. Rather, we would argue, students who are exposed to each other

have the potential of affecting each other, and students with common social characteristics

make similar choices to a greater extent than students of different backgrounds. We believe

the simplest explanation to be an increased social exchange between the students.

Still, there are alternative explanations. One possibility is that other processes taking place

in the classroom are driving the similarity in choices. One important example of this type of

mechanisms, would be if individual teachers are having an effect on later choices within the

class they are teaching. If this is the case, then the teacher effect would have to be minority-spe-

cific to explain our findings; that is, we would expect that teachers would influence students

with the same ethnic background in ways that make their choices more similar. On the other

hand, if teachers have a general effect on all their students, which we consider plausible, then

the teacher effect would not increase the correlation coefficient or risk ratio for students of

shared origin. Still, if teachers are in fact influencing their students in this way, then this will

arguably lead to greater variation in effect sizes across different classes. We tested this, and Fig

6 in the appendix shows that while there is substantial variation, the effect sizes are less spread

in classes with higher weight in the overall analysis. Another prediction from teacher effects,

and other similar effects within cohorts, is that between-class correlations should be higher

when comparing years close in time. (However, this could also be driven by substantial

changes in school conditions over time, so it would not alone be evidence of teacher and simi-

lar effects.) We have measured the effects at a more disaggregated level in the Appendix section

Disaggregated data, finding no clear pattern that between-class correlation coefficients drop

off significantly when considering years further apart. This suggests that our results are not

driven by a teacher effect, or other cohort-specific effects.

Another theoretical possibility is the existence of streaming, where students are administra-

tively sorted into different classes based on their background characteristics. This is not likely

to be important, as assigning students in secondary school based on ethnicity has been

declared unlawful in the Norwegian school system, based on national and international
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discrimination laws (see e.g. an announcement by The equality and anti-discrimination

ombudsman in Norway, ref. 12/186-10, www.ldo.no/globalassets/arkiv/uttalelser_pdf/2012/

12_186.pdf).

Finally, these educational choices also determine who will be the students’ future class-

mates. Surveys and interview studies find friends to be an important [69] or even the most

important factor [70, 71] in choosing upper secondary schools in Norway and Sweden. We

would expect that choosing who will remain classmates in the second and third year at school

should have an even stronger social component.

Discussion

The mechanisms related to homophily and endogenous preference formation are important to

document, yet often difficult to explore empirically. We have in this paper developed a method

to identify such effects in individuals’ choices.

Our main results suggest some social clustering of immigrant students at school, based on

country of origin (but not cultural similarity). This applies in particular to female immigrant

students.

In the Introduction we suggested three relevant social mechanisms: homophily, language

difficulties, and discrimination or harassment. Our findings are in line with the homophily

mechanisms: small social distances and perceived affinity or nearness between people contrib-

ute to group-based similarities in educational choices. Here we found evidence of endogenous

preference formation when groups were defined by country of (own or parents’) origin.

For immigrant students, language problems is also a likely explanation. Immigrant students

who are weak in Norwegian but fluent in another common language may prefer to stay

together in class. Descendants of immigrants born in Norway are likely to master both Norwe-

gian and their mother’s language, and may therefore interact more equally with natives and

each other, which is in line with a smaller effect for descendants of immigrants.

Finally, the premise of a resistance strategy is that majority students categorise minorities

from particular countries of origin into outgroups based on stereotypes. If this was a dominant

mechanism, however, then we would have expected to find more evidence of similar choices

Fig 6. The left panel shows the distribution of correlation coefficients in each class (within) or programme/school combination (between). The right panel shows the

coefficients plotted against their weights (on a log scale) in the meta-analysis. The dashed lines represent the weighted aggregated correlation coefficients from the meta-

analysis.

https://doi.org/10.1371/journal.pone.0233677.g006
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among immigrant students from countries of origin with small cultural distances (such as

Muslims).

We would expect our approach to be relevant for other topics of investigation as well. One

obvious example would be when students are choosing educational tracks later in their educa-

tional careers. Often students have to move geographically to attend higher educational insti-

tutions. If students want to stay together, then we would expect social clustering to be of

relevance for their choice of institution, but not necessarily choice of study programme or dis-

cipline. If students have influenced each others’ preferences, then we would expect social ties

to also influence their choice of study programme or discipline. In this case, it may thus be pos-

sible to also disentangle endogenous educational preference formation from choices based on

friendship.

Generally, many decisions are affected by social clustering, also outside the educational

domain (such as mobility within jobs or between firms, marriage decisions and families’ deci-

sions on where to move). What is necessary for the proposed method to work is that the data

allows for comparisons within and between cohorts, and where individuals within a certain

setting or institution face an overlapping set of choices. One example could be co-workers who

started in a firm at the same time and who face decisions of whether to stay or leave, as well as

what type of firm to leave for, if applicable. Such mobility decisions have been found to be

affected by peer influence based on shared characteristics in a similar way to what we find in

the current study [72, 73]. The theoretically challenging task would be to carefully delineate

under what social conditions we might expect social influence to be of direct relevance for an

individual’s decision-making.

In this study, we have conducted separate analyses where choice is potentially dependent

on a number of different independent variables. Further development of the method includes

finding reliable measures for comparing effect sizes between different aggregated analyses and

generalising it to allow for multivariate and multivariable models, for example to study gender

as contrasts or isolating effects from socioeconomic variables.

Appendix

Origins and choices of the students

The twenty most common choices of specialisation tracks (including tracks on both academic

and vocational programmes) over the five years in our study are given in Table 2. The included

programmes are (with abbreviations): General programme (G), Mass media and communica-

tion (MMC), Health, social subjects and sports (HSS), Building and construction (BC), Electri-

cal, mechanical and machines (EMM), Music, dance and drama (MDD), Trades and services

(TS), Food production (FP), Arts and crafts (AC) and Service subjects (SS).

It should be noted that 2007 is the first year after a school reform, and that for this year, lan-

guage was a separate specialisation from social science and economy. We grouped these

together in order to facilitate comparisons between years (this affected 209 students, of which

14 immigrants). Two specialisations, with education codes 301102 and 361203 (Norwegian

Standard Classification of Education, 2000) had students almost exclusively in 2007, so we

removed the 204 students (28 immigrants) registered on these from the sample. Finally, one

code, 301116, is referred to as erroneous in the standard, so we removed also the associated 91

students (17 immigrants).

The origins of the students in our main study and their educational choices of specialisa-

tions, among the two most common ones, natural and social science, and other (there are too

few students on each vocational track to report these separately) are presented in Table 3. The

table also lists mother’s origin for descendants of immigrants.

PLOS ONE Segregation within school classes: Detecting social clustering in choice data

PLOS ONE | https://doi.org/10.1371/journal.pone.0233677 June 1, 2020 20 / 27

https://doi.org/10.1371/journal.pone.0233677


Table 2. Distribution of students over specialisation tracks. The twenty most popular specialisation tracks and their programme (abbreviated), with proportional share

of students registered on each for each of the five years in our study. All figures are in percent, and include both natives and immigrants.

Specialisation Programme 2007 2008 2009 2010 2011

Language, Social Science and Business Administration G 28 29 30 30 28

Science G 26 26 25 24 27

Mass Media and Communication MMC 7 7 8 8 9

Sports and Athletics HSS 5 5 5 5 4

Construction BC 4 4 3 3 3

Electrical Energy EMM 2 2 3 3 3

Para-Medical and Care HSS 2 2 2 3 2

Music and Entertainment MDD 2 2 2 3 2

Social Work—Children and Adolescents HSS 2 2 2 2 2

Retail Sales and Commercial Services TS 2 2 2 2 2

Catering FP 2 2 2 2 1

Arts and Crafts AC 2 2 1 2 2

Theatre and Performance MDD 2 1 1 1 1

Vehicle Repairs and Maintenance EMM 1 1 1 1 1

Industrial Technology EMM 1 1 1 1 1

Computer Science and Electronics EMM 1 1 1 1 1

Hairdressing SS 1 1 1 1 1

Climatic and Environmental Technology BC 1 1 1 1 1

Household Economics FP 1 1 1 1 1

Dance and Performing Arts MDD 1 1 1 1 1

https://doi.org/10.1371/journal.pone.0233677.t002

Table 3. Origins of immigrants and descendants. The twenty most common countries of origin for immigrants and mother’s origin for native descendants, with propor-

tional share in the population from the country, and share of students on the specialisation tracks natural science (N); language, social science and economy (S); and other

(O), respectively. The total is the summed share from the twenty most common countries, and shares in the whole set of immigrants and descendants, respectively, on the

respective specialisation tracks. Note that school classes with too few immigrants to perform our analyses have been excluded. Including the whole population, not only

those in our analysis, would increase the figures for “other” specialisations. All figures are in percent.

# Immigrants % N S O Descendants % N S O

1 Iraq 7 35 34 30 Pakistan 15 42 41 17

2 Sweden 7 43 46 11 Vietnam 8 61 26 13

3 Pakistan 6 39 38 22 Sri Lanka 8 70 24 6

4 Afghanistan 6 32 19 49 Sweden 7 38 56 6

5 Somalia 5 28 22 50 Turkey 5 29 43 28

6 Bosn.-Herz. 4 28 60 11 Denmark 5 37 55 8

7 Russia 4 38 38 25 India 4 65 27 8

8 USA 4 31 64 5 USA 4 48 48 4

9 Poland 4 33 26 42 Morocco 4 23 49 28

10 China 4 48 14 38 Philippines 3 40 49 10

11 Iran 3 30 43 27 UK 3 47 46 8

12 Germany 2 38 55 7 Germany 3 41 53 7

13 Sri Lanka 2 62 14 24 Poland 2 44 48 8

14 Philippines 2 29 29 43 Iran 2 51 41 8

15 Kosovo 2 22 44 33 Somalia 2 38 47 16

16 South Korea 2 52 41 7 China 2 58 34 8

17 Denmark 2 50 46 4 Eritrea 1 20 78 3

18 UK 2 35 54 12 Macedonia 1 48 39 12

19 Vietnam 2 42 38 19 Chile 1 36 55 9

20 Ethiopia 2 32 32 37 Kosovo 1 34 47 19

Total 73 38 35 27 Total 81 45 45 10

https://doi.org/10.1371/journal.pone.0233677.t003
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Disaggregated data

The effect sizes should be compared to the simulated distributions for drawing conclusions.

To give an overview, however, of what the disaggregated data looks like, the distribution of

correlation coefficients in each class (i.e., not controlled for structural dependencies) is given

in Fig 6. The within-class distribution has (nonweighted) mean μw� 0.072 and variance

s2
w � 0:056, and the between-class distribution has mean μb� 0.033 and variance s2

b � 0:027.

The figure also shows the effect sizes plotted against their weights in the meta-analysis. Even if

the variability is high over all classes, the effect sizes are less spread for classes of high weight.

We have included five years of data to get a sizable dataset that can provide a stable measure

not too dependent on a particular year, while at the same time excluding comparisons so

many years apart that school conditions may have changed considerably (see e.g. [74]). Table 4

presents within- and between-class correlations for analyses of choices based on country of

origin, and based on individual years and pairs of years, respectively. Note that the samples are

fairly small (approximately 250 immigrant students per year).

If school conditions influencing the between-class effect change rapidly, then we would

expect a clear pattern where the between-class coefficient drops off quickly, the further apart

the years are in the between-class comparison. Such effects could include a restructuring of

specialisations in large schools or special targeting towards students of a certain background,

for example through teachers involved during a short time period. The year 2006 potentially

hints at a decreasing effect (though only the between-class comparison to 2008 is significant,

while that to 2007 is not). For the other years there is no clear such pattern, especially when

taking level of significance into account.

There is no clear trend for the within-class correlation coefficients. We do not know of any

explanations beyond random variation for the drop in 2009.

Alternative designs

In the present analyses, the graphs studied include only immigrant students, and thus, the

graph structures we control for do account for statistical dependencies, but since these are

only subsets of the entire classes, we do not use all the data available. The reason for this is that

natives constitute a large majority of the data, so including them in the effect measure would

lead to an estimate mainly measuring links of natives versus links of a native and an immi-

grant. It is possible, however, to include natives when computing the variances used for

weighting classes, but at the same time including only immigrants when computing the corre-

lation coefficient. In practice, this means that we first include the entire class. Then we ran-

domly permute nodes (as in QAP), and remove the natives from the graphs only before

computing the correlation coefficient.

Using this design for our main study on country of origin produced similar results. The

within-class measure is ρw� 0.063 (p< 0.001), the between-class measure is ρb� 0.024

(p< 0.001), and the difference ρw − ρb� 0.039 (p< 0.01).

Table 4. Correlation coefficients year by year between educational choices and country of origin. Effect sizes (and

p-values are given year by year within classes and in pairwise comparisons between years between classes.

witdin 2007 2008 2009 2010

2006 .055 (.021) .010 (.081) .006 (.047) .004 (.278) .003 (.221)

2007 .072 (.013) .022 (.019) .031 (.098) .030 (.043)

2008 .053 (.071) .022 (.122) .020 (.068)

2009 .004 (.484) .089 (.083)

2010 .078 (.003)

https://doi.org/10.1371/journal.pone.0233677.t004
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Making within-class comparisons of immigrants puts higher restrictions on the ethnic

compositions in classes than making between-class comparisons, since, in order to compute

correlations, there needs to be at least one pair of students from the same country. As a result,

there are more students included in the between-class analyses. In case there would be reason

to suspect data selection to influence the measures, we performed an analysis on the subset of

students included in the within-class design. This produced almost exactly the same between-

class measure as before, ρb� 0.019 (p� 0.019, N = 916). Note that the smaller N gives a higher

p-value with the same correlation coefficient. Also, not every student is included in the analy-

sis, since the restricted dataset does not always make it possible to do cross-year comparisons.

In conclusion, the alternative designs produce qualitatively similar results.

Robustness to diversity between classes

Including all school classes in the analysis without restrictions, we have large diversity between

classes with respect to available educational choices and overall popularity of each choice.

Also, small classes are more homogeneous, in that a vast majority of the students make the

same choice, probably due to a limited availability of different specialisation tracks. Our analyt-

ical design, utilising QAP and random-effects meta-analysis does allow for diversity between

classes and weights are adjusted accordingly. Nevertheless, combining these approaches is a

novel design not well documented in the literature, and as a robustness check, we repeated the

analyses restricted to large schools, specifically to classes/educational cohorts within the same

schools that had at least 50 students (75% of all classes in our analysis), including only students

going to specialisation tracks with at least 10 students enrolled. The rationale for this threshold

is that smaller classes are often more homogeneous within the group, with a large majority of

students making the same choice, and vary more in the diversity in choices between the classes,

thus making the classes less comparable. As can be seen in Fig 7, showing similarity in choices

by class size, in smaller classes students often only have one choice (classes with a 100%

similarity).

The results are similar to the cases where we included all classes. The major difference is

that a few small effects from the previous studies are no longer significant. Such a change

needs not be ascribed to structural differences in classes when including or excluding small

classes, but is also consistent with the fact that the sample is smaller in the latter case.

Fig 7. Proportion of pairs of students making the same educational choice with respect to class size.

https://doi.org/10.1371/journal.pone.0233677.g007
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Overall, the results change only little. The changes are that the ethnicity effects are no longer

significant for men (ρw� 0.054, p� 0.091 and ρb� 0.026, p� 0.12 for immigrants, and ρw�
0.015, p� 0.12 and ρb� 0.0098, p� 0.10 for descendants), while the difference becomes sig-

nificant for female descendants (ρw − ρb� 0.025, p� 0.035). The between-class coefficient

with respect to income is no longer significant (ρb� 0.00098, p� 0.13), nor within classes for

immigrants (ρw� 0.016, p� 0.064). Finally, the small differences with respect to sex, educa-

tion and income for all students have changed their respective significance levels (with coeffi-

cients 0.0058, 0,0034 and 0.0063, and p-values 0, 0.041 and 0.0070, respectively).

It can be noted that most classes in our analysis are fairly large, since those are the ones

with sufficient variation in the data. For 125 classes, 25% have fewer than 52 students, 50%

have fewer than 98 and 75% fewer than 138. The mean is 97 students. It is possible in the larg-

est cohorts that not all students have had opportunities to interact with everyone, which in

those cases should make the test more conservative and bring the effect closer to the between-

class coefficient.
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