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Abstract

In the research on peer effects, unweighted mean classroom performance is the predominant measure

used in the estimation of education production functions. In this paper, based on the sociological concept

of homophily, I introduce social network matrices that correspond to a weighting scheme for peers in the

same class at school. Using spatial regression techniques, I confirm the presence of peer effects for the

eighth grade population in the USA in the TIMSS 2015 student assessment. For students, the likelihood

of cooperation increases conditionally on visible and non-visible characteristics, such as age, gender,

migratory background, and attitudes towards scholastic achievement. This grouping behavior is found

to affect the spillover effects of student variables, such as gender and language skills. The main findings

are robust to various definitions of the social network matrix, as well as to the inclusion of teacher fixed

effects.
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Peer Effects in Secondary Education Dannemann

1 Introduction

Peers play a pivotal role in educational outcomes according to research showing that the socio-economic

composition of school environments is a relevant factor in the acquisition and formation of cognitive skills

within and outside of school contexts. Yet while the common determinants of individual student achievement

are well researched at the individual level, cooperation and interaction among students in the classroom has

frequently been disregarded (Hanushek and Woessmann, 2011). When these so-called peer effects are taken

into account at all, they are often implemented as averages of peer performance at the school or grade level,

without an appropriate differentiation by class or real peer groups (Angrist, 2014; Lin, 2010). Furthermore,

most of the discussion on peer effects has focused on technical problems of identification and estimation while

efforts to clarify the modes of effect and transmission channels of peer interaction within classrooms have been

left to future research. Data restrictions, such as missing information on friendships and class membership,

have led to the use of increasingly large groups of potential peers. With regard to the extant literature on

peer effects, this casts doubt on the idea that the relation between peer and individual outcomes is truly

existent, and suggests that it is instead merely a correlation that lacks causality. The selection of relevant

peers would provide a robust basis to examine the relationship between peer performance and attributes and

individual educational outcomes.

Sociological theory suggests a more dynamic way of describing peer interactions by focusing on interpersonal

relations. Considering the likelihood of peer interaction and interpersonal ties in closed groups, such as work-

places, school classes or neighborhoods, allows for a description of the social network and the positioning

of all its nodes. I hypothesize that within a school class, dyadic peer relations can be postulated based on

status and value homophily, that is, that students group together and cooperate according to both visible and

latent characteristics in order to form homogeneous groups (McPherson et al., 2001). Considering this way

of forming patterns of interaction within a class makes it possible to determine and assess the importance of

other students in the construction of peer averages and to attain a more relevant measure of peer variables

even in the absence of actual reported relations (Lin, 2010).

Based on the 2015 Trends In Mathematics and Science Study (TIMSS), I estimate an augmented education

production function (EPF) to quantify the magnitude of peer effects in secondary education. I use spatial

regression techniques, which aim at modeling geographic interdependencies, together with maximum likeli-

hood estimation to model students in a classroom as a social network in order to identify peer effects. To

provide dyadic measures of similarity for students in each class, I follow the concepts of status and value

homophily to calculate different social network matrices. These are employed in the regression to quantify

the magnitude of externalities arising in classrooms for 8, 387 students in eighth grade in the United States.

This explicit modeling of peer relations facilitates the understanding of how classmates affect each other by

introducing a theory-based weighting scheme of relevant peers.

The rich data allows me to control for various individual (e.g., gender, age, migratory background, and

frequency of English language use) and parent level characteristics (e.g., education, home resources, and
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migratory background). By additionally including teacher fixed effects in the regression1, I can implicitly

control for correlated effects and thus address the issue of unobserved heterogeneity on the classroom or

subject level. Furthermore, I can separate endogenous and exogenous peer effects, meaning that individual

outcomes can be affected by both peer outcomes and peer characteristics (Manski, 1993). I can control for fur-

ther auto-correlation arising from unobserved common shocks by implementing spatially clustered standard

errors at the classroom level. This thorough selection of possible determinants combined with concentration

on relevant peers in a classroom as a closed group increases confidence in the peer effect estimates.

In a preliminary step, I use an ordinary least squares (OLS) model or simple linear model (SLM) to estimate

the education production function using only standard inputs, such as individual and parental characteristics,

as well as teacher fixed effects, to account for school and environmental factors. As a benchmark, I proceed

by using a social network matrix that corresponds to the standard linear-in-means (LiM) model for each

classroom2. These unweighted peer effects show a significant and positive association with individual-level

achievement. This applies for both models with endogenous peer effects, as well as models with endogenous

and exogenous peer effects.

As a second step, for a more detailed analysis of how and in what group structures students are expected to

collaborate, I construct three theory-based similarity matrices to account for different scenarios mimicking

the tendency of students to work and cooperate in homogeneous peer groups. The first matrix is based on

visible characteristics discussed in the literature (e.g., gender, age, migratory background) and corresponds

to the theory of status homophily. The second network matrix is based on variables for attitude towards

learning and scholastic performance, as suggested by the concept of value homophily. As this also encom-

passes the basic idea of heterogeneous effects in peer relations, this influence depends partly on the students’

effort and commitment to achievement. Third, a matrix combining the ideas of status and value homophily

incorporates both theories simultaneously.

In the model specifications that only include endogenous peer effects and thus impose parameter restrictions

on the exogenous peer variables, the overall model fit increases considerably relative to the SLM case.

The estimated effects of variables for which a classroom externality is expected (e.g., foreign language or

perceived bullying) increase in magnitude. However, the different social network matrices produce very

similar results, with some changes in the magnitude of the gender achievement gap in the case of status

homophily. Eliminating the restriction on exogenous peer effects results in clearer changes in the results

and leads to more variation across the specifications based on different social network matrices. Introducing

grouping behavior mitigates the negative classroom externality originating from a lack of language skills,

which is partly offset by a positive effect of migratory background. Additionally, large changes in the

magnitude of the gender achievement gap occur, even causing it to lose significance in the case of status

homophily. These specifications highlight the adverse effect of high age for a given grade on both individual

1In the US TIMSS sample, teachers are specific to schools and classes.
2More specifically, this corresponds to the leave-me-out mean, that is, the mean performance of all students except for the

specific one under study.
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and peer achievement. Overall, relying on theory-based social network matrices in the estimation of peer

effects in the EPF increases confidence in the appropriate measurement of peer influence by highlighting the

role of relevant peers within a school class.

This paper contributes to the literature on the modeling of peer effects, which are of crucial importance to

policy discussions on school choice and voucher programs3, and on tracking programs. Peer effects are also

an important topic in research on the permeability of educational domains, particularly in discussions on

how to integrate children of refugees into classes of primarily native students (UNESCO, 2019).

The seminal work of Manski (1993) provides a formal description of peer effects and their separation into an

endogenous and exogenous effect, as well as the role of correlated factors. The subsequent literature on peer

effects has aimed mainly at the correct identification of peer effect parameters. Simpler models employing

average class performance as a measure of peer effects are at risk of not being able to separate pure peer

effects from correlated effects, that is, common exogenous factors such as socio-economic or institutional

environment. Accordingly, a large literature has emerged dealing with approaches to overcome the reflection

problem described by Manski. However, most of these approaches rest on the properties of the datasets

used, which limits the application to a handful of countries and, more importantly, forces one to make

crucial assumptions on the relevant peer relations and the level at which they arise, that is, by school, grade,

neighborhood, or even higher levels of aggregation. Such broad definitions impede the identification of true

causal effects as they incorporate the influence of possibly irrelevant peers (Angrist, 2014).

A handful of studies have chosen to control for peer effects implicitly through the inclusion and interaction

of fixed effects in panel data sets (Arcidiacono et al., 2012; Badland and Schofield, 2006). In a setting of

stable classes or groups, the unobservable baseline ability of peers can be captured through the inclusion of

student-level fixed effects. However, the majority of large-scale student achievement tests, such as TIMSS,

which is used here, as well as the Progress in International Reading Literacy Study (PIRLS) and the OECD’s

Programme for International Student Assessment (PISA) as the most prominent examples, are set up as a

repeated cross-section, thus rendering fixed effect estimation techniques inapplicable. Instead, these datasets

require an explicit modeling of peer relations, for which the average of peer variables is usually chosen.

Only rather recently has the technique of spatial regression been employed i research on peer effects in various

domains, including achievement outcomes, recreational activities, and healthy lifestyle (Lin, 2010; Bramoullé

et al., 2009; Boucher et al., 2014; Lee, 2006). Spatial models allow for the consideration of social networks,

by permitting the degree to which each peer affects the individual to vary. The structure of the peer group

can thus be represented as a matrix of social interactions. Again, the aforementioned studies rely on datasets

that offer information on friendship structures, based, for instance, on information reported by students on

their closest friends.

This paper contributes to the literature by using sociological theory to construct social network matrices

that describe classroom structures in the 2015 TIMSS. These social network matrices can be employed in

3See, e.g., the No Child Left Behind (NCLB) act or the Boston Metco program (Angrist and Lang, 2004)
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spatial regression approaches to model peer effects in the 2015 TIMSS dataset, even in the absence of explicit

information on friendships. This strategy makes it possible to assess smaller groups of relevant peers and

thus to resolve doubt as to the causality of positive peer effects.

The remainder of the paper is organized as follows. Section 2 reviews the relevant literature on adolescents’

social interaction and integration into personal networks and highlights the relevance of these factors in

the estimation of EPFs. Section 3 outlines the empirical study together with the construction of sociology-

based social network matrices and a detailed discussion of the main control variables and their respective

transmission channels. Section 4 provides the main results as evidence for the role of peer effects in the

estimation of individual-level student performance and a comparison to other studies. Section 5 summarizes

the main findings and concludes.

2 Theoretical considerations

2.1 Key challenges in the identification of peer effects

The literature on determinants of cognitive abilities suggests that they should be treated as the outcome of a

production process, with standard inputs, such as parent, school, peer, and individual factors (Hanushek and

Woessmann, 2011). To model the cross-sectional level of achievement, Todd and Wolpin (2003) suggest using

a contemporaneous specification, although it imposes some assumptions and restrictions on the conditioning

variables used. First, this specification assumes that only contemporaneous inputs are used in the production

of current achievement. Second, inputs are assumed to be constant over time, or at least that their contempo-

raneous level provides a valid approximation of the history of inputs. Third and last, it is required to assume

that the contemporaneous inputs are not correlated to any unobserved variables. These restrictions leave the

prior equation reduced to a form incorporating only contemporaneous inputs as portrayed in equation (1),

in which achievement specific to individual i in country c at time t is determined by factors such as family F

and school inputs S, as well as peer effects P , socio-economic and cultural environment E, and other relevant

factors ε (e.g., health and innate abilities).

Oict = Ot(Fict, Sict, Pict, Eict) + εict (1)

For a valid identification of peer influences, the possible effects of peer outcomes and peer characteristics

must be separated. The literature on peer effects has adopted the vocabulary of Manski (1993), who

distinguished peer effects by the context in which they arise. First, in endogenous effects, the behavior

of the individual studied is affected by the behavior of related peers. In this case, the outcome under

study is affected by the outcome of the peers, that is, individual achievement is partly determined by peer

achievement. Second, contextual or exogenous effects measure how exogenous group characteristics affect

the way the individual studied behaves. In the EPF, this would correspond to how the inputs of peers (e.g.,

individual peer characteristics but not the outcome) affect the outcome of the individual under study. Third

and last, correlated effects are the cause of individuals behaving similarly as a consequence of having similar
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characteristics or being exposed the same environments. These are influences that affect all individuals

within a school class, for example, school characteristics or neighborhood effects. Depending on the setting,

either peer outcomes as an endogenous effect or peer characteristics as an exogenous effect (or potentially

a combination of both) could affect individual outcomes. These considerations of transmission channels

are crucial for the correct choice of models in the subsequent study. Individual scholastic achievement is

partially determined by the performance or behavior of other students in the same school or class or in the

same group of friends. In economic terms, these peer effects can best be described as classroom externalities

in the production of cognitive skills.

2.2 Definition and measurement of peer groups

Why are peer effects especially relevant in determining the performance of teenagers in school in the first

place? Generally, students in secondary education are regarded as vulnerable to both positive and negative

influences, their character and personality are still being formed (Steinberg and Monahan, 2007). In this

study, students from the US TIMSS population, with an average age of about 14.2 years, are one of the most

susceptible age groups to behavioral influence from peers both in and outside of school contexts. Sorensen

et al. (2017) analyze specifically how the influence of peers and families evolves over time. Their main

finding suggests that role models shift from fourth to seventh grade. The importance of parental influence in

educational achievement disappears almost completely, while that of peer influences increases significantly.

This shift is attributed mainly to a change in role models with age: For teenagers, it is primarily peers who

determine attitudes and effort towards learning and the allocation of time to different activities or hobbies.

Peer effects are generally operationalized by choosing a peer group and taking the appropriate averages of

the relevant variables. Simple as it may sound, this raises three questions. First, how is a peer group defined

and which individuals should be considered as a part of it? Second, what is the appropriate average and how

can the relative importance of peers be assessed? Third, which variables of the potential peers are indeed

relevant?

The first question is perhaps the most difficult one to answer, as influences on individual students can

come from a multitude of potential peers, including students in the same grade, students in others grades,

and even students at other schools. If one includes interactions online (e.g., on online gaming platforms

or social media), virtually anyone could qualify as a member of the peer group. Thus, a prerequisite is

the definition of clear-cut criteria for peer group membership. Considering peer groups by classes means

assigning individuals to groups based on a visible, exogenous group membership.4 Within a school, a class

is the smallest closed unit in which students interact and cooperate. They are exposed to a variety of

influences by common factors, for example, the teacher, equipment with educational material, or overall

performance. Based on this criterion, each class constitutes the population from which an individual draws

4Of course, many other definitions of peer groups are conceivable, e.g., by non-observable group memberships (e.g., friendships

Lee, 2006) or by informal group characteristics (e.g., common leisure activities Knifsend et al., 2018).
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the members of his or her peer group. This ensures that peer effects measure actual relations that fulfill the

criterion of real exposure or propinquity, that us, geographical proximity (Moreland and Beach, 1992), thus

indicating an actual impact of possible peers (as opposed to the concern of selected peers being irrelevant, as

addressed in Angrist, 2014). However, studying peer effects on the classroom level requires a thorough consid-

eration of these correlated factors in order to separate the peer effects from the common environmental factors.

The discussion of peer groups then leads to the second question: How students are in fact grouped within

the class and how they choose to cooperate. It is thus conceivable, that some students have higher relative

importance to an individual than others. Groups could be defined by teachers ex ante to optimize the learning

environment, or students could self-select into groups or form their own groups or cliques – or both (Farmer

et al., 2018; Freeman et al., 2017). When able to group together freely, students are observed to form groups

based around prior achievement, ability, or interest in the topic. Thus the stereotype of the diligent ’nerd’

listening attentively in the front row and the underachieving ’lazybones’ slouching in the back row applies to

a certain degree. Furthermore, gender and socio-economic or ethnic characteristics are found to contribute

to the early decision to form a group (Shrum et al., 1988). Undergraduate college students have furthermore

been observed to group and collaborate based on prominently visible characteristics such as ethnicity and

gender (i.e., to some extent driven by stereotypical threats or the desire to avoid isolation in class), but

also by academic history in terms of grade point average or attendance of the same classes (Freeman et al.,

2017). This tendency to join or work in relatively homogeneous groups indicates that the sociological theory

of homophily applies to classroom settings and extends to other environments out the school context (Louch,

2000; Knifsend et al., 2018; Currarini et al., 2009).

However, to establish a proper measure of peer effects, it is necessary to identify the relevant peers who

influence an invidual’s behavior. The majority of studies fail to do so (Angrist, 2014), either because they

attribute the same influence to all peers (e.g., in the linear-in-means model, Manski, 1993) or make unrealistic

ad hoc assumptions on peer relations Bramoullé et al. (e.g., as described in 2009). Only a few studies have

provided information on friendships reported by individuals under examination (e.g. Lin, 2010; Bramoullé

et al., 2009), but these used restrictive datasets and suffered from missing information on peer relations for

a large fraction of the sampled population.

In spite of the vast existing literature on peer effects, the various channels and directions of these effects are

still unclear. Ties between students could serve as channels for the transmission of material and immaterial

goods or information, such as help with assignments, studying together in groups, or simply working together

in class. There are numerous proponents of positive externalities in the literature who provide examples of

how high-achieving peers can boost an individuals performance, for example, by providing encouragement

and a beneficial learning atmosphere and creating incentives to reach a similar level of achievement (Hanushek

et al., 2003; Burke and Sass, 2013; Carrell et al., 2009; Arcidiacono et al., 2012).

This suggests that efforts to alter school composition (e.g., through vouchers or bus transfers) could serve to

improve overall educational performance. Yet, some peer characteristics could have adverse effects, reducing

individual performance. One possible negative effect is overall low classroom performance, which could slow
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down the learning progress of the entire class and thus reduce the efficacy of teaching. However, this is

simply the reverse side of the coin from the aforementioned relationship. High achieving peers could also lead

to the teacher having higher expectations, thus grading the bottom end of the achievement distribution more

strictly (Kiss, 2017). High-achieving peers could also be intimidating to their low-achieving counterparts

and thus inhibit learning efforts (Winston and Zimmerman, 2004). These findings speak in favor of selecting

peer outcomes, i.e., the endogenous peer effect, as one relevant peer measure in the subsequent analyis.

Additionally, some behavioral peer characteristics could affect individual achievement more than peers’

scholastic performance. Several studies find significant and negative impacts of peers who show disruptive

behavioral symptoms, such as absenteeism, distraction, or substance abuse. These undesirable traits reduce

the effectiveness of the learning environment and furthermore push peers to show similar patterns of

disruptive behavior (Grygiel et al., 2018; Carrell and Hoekstra, 2010; Gaviria and Raphael, 2001). These

findings illustrate that peer effects can arise in the form of peer characteristics, thus suggesting that for the

precise modeling of peer effects, exogenous peer effects should be considered as part of the model as well.

The magnitude of peer effects is likely to depend on the setting, that is, class or school size, and on

other factors, for example, socio-economic or cultural background (Carrell and Hoekstra, 2010). The

magnitude of the effect also depends on the position in the distribution of peer group achievement. For

instance, high-achieving students are found to receive lower benefits from average peer performance than

their low-achieving classmates do (Hanushek et al., 2003). Furthermore, peer effects are likely to influence

individual achievement even outside school, that is, through common leisure activities, working together on

homework, or spending time together in other ways (Knifsend et al., 2018).

2.3 Assessing similarity and social network matrices

Classroom adjacency matrix Social interactions within a class can be portrayed in a social network

matrix, in which the individual elements correspond to the dyadic relations between the students. As a

precondition, to ensure that individuals are only affected by students of the same class, a binary contiguity

social network matrix, the adjacency matrix, is generated. Following this basic idea, two students, i and

j, who are enrolled in the same class are interpreted as peers, so that the corresponding element of the

matrix, wij , is set to 1. Of course, when one class is considered, all class members are peers all others, except

themselves, so that wii = 0. Accordingly, the classroom spatial weights matrix is a symmetric square matrix

constructed as shown in equation (2).

W (Adj) = (wij)n×n, where wij =


1 if ci = cj

0 if ci 6= cj

0 if i = j

(2)

This social network matrix is then row normalized, that is, each row is divided by the number of its non-zero

elements. Mathematically, multiplying a variable with this row-normalized matrix corresponds to taking the
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equally weighted average5, i.e., W (Adj) ·X = 1
N

∑N
i=1 Xi = X, across all potential peers, which is consistent

with a traditional modeling of within-group peer effects. In terms of the Manski (1993) vocabulary, this

corresponds to a linear-in-means model, where the individual outcome is determined by the mean achievement

and inputs of the peer group.

Similarity in dyadic peer relations To quantify the strength of dyadic peer relations instead of just

analyzing a closed group average with uniform importance of peers, it is necessary to evaluate the proximity

of all pairs of individuals within a class. The geographic proximity through common class membership could

be a driver of the bonding process of potential peers (Moreland and Beach, 1992). Following the tendency

to work in homogeneous groups, students are expected to cooperate based on individual level characteristics

(gender, age, origin) and attributes (attitude to scholastic performance).

Similarity is measured based on a coefficient by Gower (1971), which is designed for mixed measurement scales

of variables6. Consistent with the concept of homophily, Gower similarity indicates the degree of similarity

in a dyadic relationship. Accordingly, all dyadic relationships portrayed in the matrix are symmetric, that is,

Sijc = Sjic. In equation (3), Sijc is the total similarity of all employed attributes k = {1, . . . , ν} for students

i and j who are members of class c.

Sijc =
ν∑
k=1

skijcδkijc

/ ν∑
k=1

δkijc (3)

To incorporate mixed measurement scales, the computation of skijc differs according to the variable scale at

hand. For quantitative variables, the similarity measure is computed as given in equation (4), where Rkc is

the range of the variable considered for class c. The parameter δkijc represents the value 1 when a character

k can be compared and is set to 0 otherwise. The formula implies that for each character, the maximum

similarity is 1 for the case that xkic = xkjc and the minimum similarity is always zero between the lowest

and the highest value of the specific character in each class.

skijc = 1− |xkic − xkjc|/Rkc (4)

In the case of dichotomous variables, skijc and δkijc are defined according to the rule presented in (5). A

similar approach is used for qualitative data, where skijc = 1 if individuals i and j in class c agree on the

k-th character and is set to zero otherwise.

sijk =


1 ∧ δkijc = 1 if xkic = xkjc = 1

0 ∧ δkijc = 1 if xkic 6= kjc

0 ∧ δkijc = 0 otherwise

(5)

The modeling of peer relations without using actual observed interpersonal relationships entails five restricting

5Omitting the individual under study from the calculation of peer averages is also labeled as the leave-out or leave-me-out

mean (Feld and Zölitz, 2016).
6While age is a metric variable, both gender and migration background are binary variables.
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assumptions on the social network characteristics. While the first three apply especially to the adjacency

matrix, the homophily-based social network matrices are not able to fully alleviate these restrictions.

First, for network density within a classroom, no maximum number of connections or relationships exists.

All students in the class are expected to affect each other, although for the case of the similarity based social

network matrices, less similar students have a smaller effect and vice versa. Second, no closed clusters exist

within classes, which implies that no formation of closed cliques or groups occurs, that is, the class is not

split into sub-groups as the result of homophily-related grouping behavior. Third, the multiplexity of the

relationship cannot be assessed. Thus, it is not possible to determine at what level a relationship occurs

(e.g., friendship, comradeship, or strategic cooperation). Fourth, and applying only to the homophily-based

matrices, transitivity in dyadic relations7 is disregarded, as similarities are determined ex post on objective

criteria. Fifth, and last, the constructed similarity measures are symmetric and strictly positive, that is, they

correspond to the description of an undirected network, where the direction of influence between two nodes

is disregarded. Furthermore, all peer relationships are beneficial, so that the possibility of enmity between

students is excluded by definition.

Compared to the baseline adjacency matrix described above, the similarity measures based on the Gower

coefficient introduce a weighting of peer influences. Depending on the specification, individuals are more

strongly influenced by peers with similar characteristics. Row-normalizing the social network matrices by

dividing by the row-wise sum of elements corresponds mathematically to weighting the peer influences by

their relative similarity, making the similarity-based social network matrices an extension of the adjacency

matrix.

W ·X =


1∑n

j=1
S1j

∑n
j=1 S1j ·Xj

...
1∑n

j=1
Snj

∑n
j=1 Snj ·Xj

 ∈ Rn×1 (6)

Writing the similarities as the social network matrix W := (Sij)n×n and any variable X as the vector

X = (X1, . . . , Xn)′ of in total n classmates, Equation (6) underlines that multiplying the similarity matrix

W by any variable X is equivalent to calculating the weighted average of the n classmates, using their

similarities as weights, resulting in an n× 1 vector of weighted leave-me-out means of the corresponding

variable.

Status homophily-based similarity. The similarity measure above can be calculated based on sets of

variables, in order to incorporate different forms of homophily into the weighting scheme. The first case is

status homophily, that is, visible factors that can be considered as fixed. To express the tendency of students

to form peer relations according to visible characteristics, I construct the first similarity matrix based on the

student’s gender, age and nationality (Carrell and Hoekstra, 2010; Diette and Uwaifo Oyelere, 2017). This

setting implies that peer groups emerge soon after students are assigned to classes. Students self-select into

7For instance, the strength of the relationships between students a and b (a ↔ b), and b and c (b ↔ c) does not affect the

strength of the relationship between students a and c (a ↔ c)
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groups within the class based on relatively superficial characteristics, with the possible aim of reducing the

individual’s risk of becoming an outcast (Freeman et al., 2017; McPherson et al., 2001).

Value homophily-based similarity. While the prior matrix is based on visual characteristics and corre-

sponds to a rather short-term formation of groups, it is possible to exploit non-visual characteristics for the

evaluation of similarity. Hanushek et al. (2003) list educational achievement in addition to migrant back-

ground and socio-economic status as the three most commonly used characteristics in the separation of peer

group effects.

The dyadic similarity for the case of value homophily is thus assessed based on three factors: first, the

student’s sense of school belonging; second, scales for the student’s confidence in the test subjects mathe-

matics and science; and third, how the students value the two test subjects to evaluate their importance.

Including attitude towards educational achievement as a measure on which peer relations are chosen serves

two purposes. First, students have been observed to group according to academic performance (Freeman

et al., 2017), and second, prior results suggest that peer effects are heterogeneous for different positions in

the achievement or skill distribution (Hanushek et al., 2003; Sorensen et al., 2017). Accordingly, the value

homophily social network matrix can be interpreted as a rather long-run formation of peer groups, where

students have demonstrated or proven their valuation of academic performance.

While status homophily is interpreted as a short-run criterion for group formation and value homophily cor-

responds to a long-run result, it is conceivable that a combination of both concepts exists. After an initial

grouping based on visual characteristics, students would then start to adjust groups according to the valu-

ation of academic and scholastic performance. Thus, the combined status and value homophily-based social

network takes the arithmetic mean of the individual similarity measures of the prior matrices into account

to portray a consideration of both theoretical approaches.

A numerical example. Figure 1 provides and visualizes a numerical example of how dyadic similarities

between students are calculated based on Gower’s similarity measure. The example is based on a class of

four students with three attributes (gender, age, and attitude) as listed in panel (a).8

Applying equation (3) to the data yields the dyadic similarities sijk between individuals i and j on variable

k, as presented in panel (b). The total similarity Sij corresponds to the mean of the individual similarities.

The similarity of individuals to themselves (i.e., i = j) is, by definition, set to zero.

A visualization of the difference between the adjacency and the similarity-based social network matrices is

made in panels (c) and (d). Panel (c) corresponds to the adjacency matrix, where all four students are

assigned a uniform weight, regardless of their (dis)similarities on the variables age, gender and attribute. In

contrast, panel (d) incorporates the dyadic similarities on the aforementioned variables, as is shown by the

corresponding numbers and indicated by the line thickness. For example, the similarity between students 1

8For the sake of simplicity, the number of variables employed in the calculation of dyadic similarities is reduced and does not

correspond to actual observed individuals from the original sample.
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and 4 (S1,4 = 0.67) is the highest within the class and is almost twice as high as the similarities between, for

example, 1 and 2 (S1,2 = 0.35) and 1 and 3 (S1,3 = 0.38), rendering student 4 the most important peer to

student i and vice versa.

3 Empirical approach

3.1 Data

The study uses data on US eighth-grade students’ achievement from the current 2015 wave of TIMSS con-

ducted by the International Association for the Evaluation of Educational Achievement (IEA). The TIMSS

data provide information on the school and class membership of each individual, making it possible to group

students by class, instead of eliciting peer relations from grade-level, school, or city populations. Each class

constitutes the population from which individuals draw the members of their peer group. This data structure

ensures that peer effects measure actual relations which fulfill the criterion of real exposure or propinquity,

that is., geographical proximity (Moreland and Beach, 1992), thus indicating a real impact of these possible

peers (as opposed to the concerns addressed in Angrist, 2014).

TIMSS encompasses schools of all types (public and private), as well as all common educational tracks in the

US education system. The students in the estimation sample have an average age of 14.23 years and consist of

50.52% girls and 49.48% boys. 94.50% of the students have stated that they were born in the territory of the

United States.9 In total, the dataset provides information on 8, 387 individuals. Detailed summary statistics

are presented in Tables 2 and 5, whereas pairwise correlations are shown in Table 3 in the Appendix. An

important feature of the TIMSS dataset is that information is available on how the students are distributed

among the 213 schools and 457 classes in the sample. Compared to prior studies, this allows for credible class

sizes and thus reasonable peer groups. The sample comprises 7 isolated individuals, for whom no peers could

be assigned as they have a unique school and/or class ID. In total, 62 individuals (0.74%) are reported as

being in classes with 5 or less students, representing 0.69 per-cent of the sample population. The minimum,

mean, median, and maximum class size are 1, 18.7, 20, and 37, respectively, whereas the distribution is shown

in Figure 2. 10 Further, information on a total of 836 teachers in the test subjects of mathematics and science

is available. 11

9According to supplement 2 of the TIMSS dataset, ”United States” includes the 50 states, its territories, the District of

Columbia, and U.S. military bases abroad.
10In contrast, the sample used in the study based on reported friendship-relations by Lin (2010), contains 68, 131 observations,

of which 18, 572 are isolated. These are individuals who have not been reported as a friend by any other person in the data and

have also not reported any friends from the dataset. As no information on class membership is used for peer group formation,

these individuals are not exposed to peer effects by definition. For the remaining observations, the minimum, mean and maximum

group size are 2, 38.5, and 427 observations, respectively.
11The majority of students (66.4%) are taught by two teachers. For the remaining students, 20.56% have three, 2.06% one,

7.94% four, and 3.00% five assigned teachers.
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3.2 Estimation

In order to evaluate individual student achievement, I estimate an EPF as specified in equation (7). To

consider the effect of peers and classroom structure, peer effects are explicitly modeled in the regression

using spatial regression techniques based on different social network matrices to represent the sociological

concepts of status and value homophily in the formation of social groups within a classroom.

o = αιn + ρW (m)o+Xβ +W (m)Xθ + Pδ + Tγ + u (7)

where u = λW (Adj)u+ ε

Here, o represents the vector of educational outcomes, specific to student i in school s and class c. The

expression αιn denotes the intercept. X refers to a matrix of individual characteristics, with the coefficient

vector β, while the matrix P with coefficient vector δ measures parent-level inputs in the education produc-

tion process that are, of course, specific to the individual. To account implicitly for the school and classroom

environment, that is, the correlated effects, a matrix of teacher specific dummies (T ) with coefficient vector

γ is included. Note that within the TIMSS USA dataset, teachers are specific to one class. While each class

usually has two teachers, that is one science and one mathematics teacher, cases of more than one teacher

per test subject are observed.

Additionally,W (m)o refers to the influence of classmates on individual performance, whereW (m) is a social

network matrix (with m being one of the aforementioned matrices), which can have various definitions (see

above), and o is the vector of student achievement. The coefficient ρ corresponds to the endogenous peer

effect. Similarly,W (m)X refers to spillover effects of peer characteristics on the individual, whereX denotes

the matrix of student characteristics. The coefficient vector θ corresponds to the exogenous effects described

above. Finally, u is the vector of residuals, which are correlated across students in the same class, and ε

is a vector of stochastic error terms. The motivation for modeling dependencies in the error term among

peers within a class is to capture unobserved common shocks or factors. Thus, all specifications include

auto-correlation in the error term across peers, that is, λ 6= 0.

Equation (7) allows for the estimation of various settings in which peer effects could arise by imposing pa-

rameter restrictions on the scalar ρ and the coefficient vector θ. First, setting ρ and θ to zero assumes

that no peer effects are at work, which is referred to as the simple linear model (SLM). Here, no spillovers

arise and the individual student is not affected by peer outcomes or characteristics. This corresponds to the

baseline scenario. Second, relaxing the restriction on ρ, but keeping θ = ~0 corresponds to the modeling of

an endogenous peer effect only, which allows for spillovers caused by peer outcomes. Of course, the effect

of peer attributes on individual achievement affects the individual as well, although by definition with a

constant ratio.12 Third, allowing ρ and θ to differ from zero corresponds to a combination of endogenous

and exogenous peer effects, which is most flexible, as it allows for spillovers to vary both in sign and ratio.

12That is, the spillover caused by a peer attribute is predetermined by the effect of the attribute on the peer and the endogenous

peer effect parameter ρ.
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As Manski (1993) and Lyle (2007) add for consideration, OLS estimation of peer effects is likely to be biased

due to the reflection problem induced by simultaneity13. Technically, using the contemporaneous average

achievement of peers as an explanatory variable corresponds to an auto-regressive component across individ-

uals. OLS estimation of this relationship would introduce a spatial dependency into the error term. This

leads to a biased coefficient of peer achievement and henceforth to biased estimates of all other coefficients as

well. An alternative estimator that is capable of considering the network interdependencies in the dependent

variable of students within a class is maximum likelihood (ML) estimation.

3.3 Variable selection

Main dependent variable. For the measurement of student performance outcomes, student level test

scores in TIMSS 2015 are used. TIMSS is designed as a paper-based student assessment, conducted in the

United States in English. In order to assess a broad domain of skills, the average of the test scores in the

subjects of mathematics and science is employed. Overall, student test scores have been found to be highly

correlated with results from IQ tests, thus providing a measure of general cognitive ability (Rindermann,

2007).

3.3.1 Student characteristics

Gender. First, the reported sex of each student is included to control for gender-specific differences

in classroom performance and attitudes towards schooling. Reportedly, male and female students differ

in terms of diligence, ability, and achievement, depending on the subject considered, presumably due to

differences in upbringing and cultural background (Guiso et al., 2008; Fryer and Levitt, 2010; Aesaert and

van Braak, 2015) or due to gender-specific curricular needs, for example, physical activity as a balancing

factor for boys to increase their ability to concentrate and stay focused (Cöster et al., 2018).

Age. As TIMSS is designed as a grade specific study and the focus is on the eighth grade, the age of the

observed students is not fixed.14 Even though there is a mandatory minimum age for enrollment in many US

states, parents have some leeway in when they enroll their children (with required school entry between 5 to

7 years), which causes significant age differences ub first-graders with diverse effects on educational outcomes

(Bedard and Dhuey, 2006). Students could be younger than others in their grade due to acceleration, that is,

early enrollment or skipping an entire grade. A young age for grade could thus be caused by high initial abil-

ities, but could also indicate low maturity, cognitive development, or experience, leading to lower classroom

performance or social outcomes in later life. This has been the subject of heated discussion in the literature

(McEwan and Shapiro, 2007; McCrary and Royer, 2011; Warne and Liu, 2017; Warne, 2017; Kretschmann

et al., 2016). In contrast, high age relative to grade, could be the consequence of either voluntary late

13That is, mean class performance affects individual performance and vice versa
14It differs in this respect from, e.g., the OECD’s PISA study, which is targeted at a 15 year old student population which is

heterogeneous in terms of grade
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enrollment or of grade repetition. The former is thought to improve performance through gains in maturity

(Bedard and Dhuey, 2006; McEwan and Shapiro, 2007). Typical reasons for the latter are bad grades,

lack of motivation or participation, or absence due to severe illness or other major issues (Hughes et al., 2017).

Migratory background. Additionally, a student’s immigrant background is included to account for pos-

sible difficulties in the learning environment. This is measured by the student’s migration status (i.e., first or

second generation immigrant) and the frequency with which the English language is spoken at home. Several

studies have found a migratory background to significantly interfere with the academic career. The effect is

not exclusively caused by differences in socio-economic background, but also reinforced by the characteristics

of the educational system in the country of residence (Borgna and Contini, 2014). For instance, in a selective

public tracking system, immigrant children and children from ethnic minorities have been observed to be

hampered in the transition to secondary education (Jackson et al., 2012) and are more frequently assigned to

non-prestigious educational tracks (Cebolla-Boada, 2011). However, immigrants are found to make more am-

bitious decisions in their educational careers than their native counterparts, specifically in tertiary education

(Kristen et al., 2008). Furthermore, it has been observed that the performance of natives is negatively affected

by the presence of immigrant students in class. Thus, being foreign might not only affect the individual but

also create classroom externalities (Brunello and Rocco, 2013; Diette and Uwaifo Oyelere, 2017).

Perceived bullying. To account for the effect of harassment or bullying by classmates on the respective

student’s achievement, an item for perceived bullying activity is included. Bullying has been identified as a

determinant of student achievement that has significant negative effects on the outcome, regardless of the

grade level or the country (Ponzo, 2013; Resende Oliveira et al., 2018). However, causality could run in both

directions, such that high-performing or ambitious students could even face increased bullying (Bekiari et al.,

2017; Harel-Fisch et al., 2011).

3.3.2 Family background

Educational achievement. In order to measure the overall socio-economic status as well as the cognitive

abilities of the individual’s mother and father, the highest educational attainment is included to provide a

measure of initial or innate ability. The socioeconomic status and educational level of parents are generally

agreed to have a positive correlation with the school performance of their children (Martins and Veiga, 2010),

with child health as a possible transmission channel (Currie, 2009). Also, a higher level of education is

assumed to increase the parents’ valuation of and involvement in their child’s education (Rindermann, 2007;

Fan and Chen, 2001; Davis-Keane, 2005). Additionally, a strong intergenerational transmission of intelligence

is observed: Parent cognitive ability is found to be a strong predictor of the child’s educational outcomes

(Anger and Heineck, 2010).

Immigration background. Similar to the migrant status of the child, a variable indicating whether each

parent was born in United Sates is included. This makes it possible to identify cases in which child born in the
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United States has foreign-born parents (either one or both). Accordingly, an approximation of the family’s

migration history can be used to determine whether the child is a first- or second-generation immigrant.

Proxies for home economic and educational resources. The TIMSS dataset does not explicitly

contain a measure of the parents’ available economic resources (e.g., income, wealth, real estate), which

could affect the child’s educational outcomes (Martins and Veiga, 2010). I therefore proxy for resources by

the presence of items specific to education or wealth in the home. For instance, the number of books in the

home is described as a measure of parenting, home education, priority of knowledge, and social background

(Hanushek and Woessmann, 2011) and is found to be robustly associated with student achievement (Schuetz

et al., 2008; Freeman et al., 2010). Using a similar interpretation, I include the number of digital devices in

the home. The supplement to the TIMSS dataset lists these as a computer or tablet, Internet connection,

own mobile phone, or a gaming system. These items are thought to proxy for wealth, but also for adjustment

to modern technology, that is, whether the parents have adapted their lifestyle as well as their parenting style

to the requirements of technology-rich environments (Hanushek et al., 2015) and enable their children to do

so as well. As a measure of family resources devoted to their children, dummy variables for the child having

their own desk, own room, or both, are included. This measures the basic prerequisites for the child to be

able to review and study school material at home. Especially for adolescents from low-income families, the

role of parenting style has been emphasized in the research (Johnsen et al., 2018).

4 Main empirical results

4.1 Endogenous peer effects

The baseline regression results are shown in Table 4, and the partitioned effects are presented in Table 5.

Column (1) shows the result for the simple linear model (SLM), which includes neither endogenous nor ex-

ogenous peer effects. This reduced model explains approximately 10.6% of the variation in test scores, in

addition to the teacher fixed effects, which were partialled out in a preliminary regression. Consistent with

existing literature, a positive and significant gender achievement gap of 12.2406 points is found. An addi-

tional year of age for the individual under study is associated with a 11.3951-point decrease in test scores.

Interestingly, none of the variables measuring the frequency of language use enters the regression model

significantly. For perceived bullying, a positive and significant impact is found, which appears puzzling at

first. However, this might be driven by reverse causality, that is, being bullied because of high classroom

performance. The columns (2-5) refer to the SAC model, which only includes endogenous peer effects, that

is, peer achievement, but imposes the restriction of no exogenous peer effects, that is, no influence of peer

attributes. This implicitly assumes that peer characteristics have no influence on individual achievement

other than their determining effect on peer achievement.

Column (2) uses the classroom adjacency network matrix to model endogenous peer effects and therefore

corresponds to the LiM model. The coefficient of the endogenous peer effect is positive and significant at the

1% level and amounts to 0.7476. The magnitude of externalities within the classroom can then be assessed
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based on the effect decomposition, which indicates that the indirect effects are approximately 2.5 times as

large15 as the direct effects including feedback mechanisms. In this specification, the direct effect of being a

male student is significantly positive at 13.686 test score points. The indirect effect, that is, the hypothetical

scenario of all other students being switched from female to male, would correspond to a 34.652-point increase

in the individual’s test performance, again significant at the 1% level. The effect of age is estimated as nega-

tive, with a total effect of −52.070 points, significant at the 1% level, thus supporting the hypothesis of high

age for grade being caused mainly by grade repetition and not late enrollment. The frequency of language

use at home of the individual student does not have a clear effect on student achievement in this model

specification. While the effect of only sometimes speaking the English language at home is negative and

significant at the 10% level, the other categories do not enter significantly. This also applies to the indicator

variable for being born outside of the United States, which is not significant at conventional levels. Last,

the effect of perceived bullying is again estimated to be significant and positive, although with an almost

doubling of magnitude. Overall, the LiM SAC model specification yields a clear improvement in goodness of

fit to a partial pseudo R2 of 0.161, in comparison with the SLM specification.

Column (3) then shows the results for a similarity-based social network matrix based on status homophily,

that is, assigning of weights based on the visible attributes of gender, age, and migrant background. Using this

approach, which corresponds to a short-run grouping behavior, entails a minor decrease in the endogenous

peer effect parameter to 0.7304, which is statistically significant at the 1% level. The partitioned effects for

column (3) show only minor changes as compared to the prior specification. While the effect of using English

at home only sometimes becomes insignificant, the effect of being born outside of the United States turns

significant, although only at the 10% level. Accordingly, the direct effect of being born abroad is estimated

to be modest at 4.749 test score points. For the remaining variables, it is striking that the effect of gender

on student achievement is reduced in size. While the direct effect decreases by 1.841 points to an 11.845

point achievement gap, the total effect even decreases by almost 9 points in the dependent variable. This

specification suggests that the gender achievement gap in mathematics and science can at least partly be

explained by within-class grouping behavior.

In Column (4), dyadic similarity is calculated based on value homophily, that is, using the students’ con-

fidence and interest in mathematics and science, as well as their sense of school belonging as variables. In

this specification, which mimicks relatively long-run grouping behavior, the endogenous peer effect parameter

increases slightly to 0.7486 and remains significant at the 1% level. The partitioned effects are qualitatively

and quantitatively very close to the baseline LiM specification in column (2). Considering value homophily

rather than the unweighted mean primarily entails a reduction of the gender achievement gap by approxi-

mately 1 point. Additionally, this specification provides an overall improvement in fit, as is indicated by the

partial pseudo R2 of 0.164.

Column (5) uses a similarity-based social network matrix that incorporates both the concept of status and

value homophily to emphasize the persistence of initial grouping patterns even in long-run group formation.

15In the case of the SAC model, this ratio is based on the endogenous peer effect parameter and therefore fixed.
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The endogenous peer effect is estimated at positive 0.7498 and is statistically significant at the 1% level.

Again, the partitioned effects exhibit only minor changes compared to both the baseline specification in

column (2) as well as the value homophily setting in column (4). The direct effect of gender is reduced by

0.830 points compared to the LiM case, thus narrowing the gender achievement gap slightly, although the

decrease is not as strong as in the status homophily case.

4.2 Adding exogenous peer effects

The remaining columns (6) – (9) alleviate the restriction of individuals being influenced only by peer outcome

and not peer attributes. Based on equation (7), this means that the parameter λ is no longer restricted to

zero. Instead, peer attributes such as gender, age, frequency of language use, and migrant background now

have an effect on individual student test score outcomes. Consequently, indirect effects of variables are

allowed to vary in ratio and sign, as compared to the direct effects.

Column (6) presents the LiM calculation of peer averages. In this model specification, the endogenous peer

effect is reduced to 0.6930 but remains highly significant. Also, the model increases in terms of goodness

of fit, as indicated by the partial pseudo R2 of 0.175. However, the main changes in the results become

apparent when looking at the partitioned effects. The gender achievement gap widens considerably, with a

direct effect of 14.563 points, significant at the 1% level. The adverse direct effect of age is reinforced in this

specification as well. Most strikingly, the direct effects of language skills show a changing pattern. Having

a different mother tongue but almost always speaking the language of the test is associated with a positive

direct effect amounting to 4.363 points, significant at the 5% level. In contrast, the direct effect of speaking

the language only sometimes is negative, implying a reduction of scholastic achievement of 9.222 points. The

direct effect of perceived bullying remains positive and significant at the 1% level and increases in magnitude.

Regarding the indirect effects, it is striking that the negative externality of age is much more pronounced

in the nested model (−113.753 points). The externality of bilingual students is again ambivalent. While

using the language of test almost always poses a positive externality associated with a 58.711 test score point

increase, using it only sometimes has a negative effect of −117.215 points, both significant at the 1% level.

Never using the language of the test at home is not associated with a significant effect. However, the indirect

effect of being born outside the United States turns significant and positive (66.096 points), although only

at the 10% level. Interestingly, the initially puzzling finding of a positive effect of perceived bullying subsists

in the nested model, with an even increased magnitude for the indirect effect. Here, the effect of all other

students perceiving increased bullying would lead to a 30.121 point increase in the test performance of the

individual under study. A possible explanation for this positive externality of perceived bullying is again

that high-performing students are more likely to be bullied, yet their performance positively influences their

peers.

Peer averages in column (7) are based on the status homophily social network matrix. This entails some

qualitative and quantitative changes in the partitioned effects, where most strikingly, both the direct and

indirect positive effect of using English at home almost always becomes insignificant. Additionally, in this

specification, a spillover regarding the gender achievement gap can no longer be found. This finding is
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critical, as this segregating grouping behavior reduces mainly the positive spillovers. If this short-term

pattern persists, it bears the risk of creating unfavorable group compositions that are homogeneous in terms

of visible characteristics but also low performance.

In contrast, Column (8) shows the results for the social network matrix based on value homophily-induced

similarity, that is, the long-term group behavior. Relying on this social network matrix increases the goodness

of fit to a partial pseudo R2 of 0.178. While in this specification, the indirect effect of all peers being male

regains significance at the 1% level with an effect size of 41.827 points, the adverse effect of not using English

regularly is even reinforced. The indirect effects imply 94.599 and 125.493 point reductions for sometimes

and never, although significant only at the 5% and 10% levels, respectively. Apart from that, the direct and

indirect effects of speaking English almost always become significant and positive again, both at the 10% level.

Additionally, the indirect effect of being born outside the United States is reinforced as compared to Column

(7). The hypothetical case of all peers being immigrants is associated with a 84.656 point increase in individual

test scores, significant at the 5% level. These findings suggest that grouping behavior based on values creates

more heterogeneous groups, in which, on the one hand, individuals can benefit from their bilingual peers (as

indicated by using English almost always and the positive spillover of migratory background), but can, on

the other hand, be impeded in their learning by their peers’ lower language skills.

The results in column (9) are again based on a combination of status and value homophily. In this model

specification, the results for the partitioned effects are qualitatively very similar to the prior specification.

The main difference is observed when considering the indirect effects, where the positive spillover of bilingual

students is even increased in magnitude and significance, compared with the status and value homophily

matrices alone. All peers being bilingual and speaking the language of the test almost always is associated

with a 49.256 test score point increase, significant at the 5% level. In contrast, the adverse externality

of lacking language skills (i.e., using English only sometimes) amounts to a 110.914-point decrease in the

dependent variable. This finding is a weaker form of the pattern found in the LiM model, as becomes visible

from the total effects, but it provides a higher goodness of fit, with a partial pseudo R2 of 0.177.

Overall, relying on the nested model with endogenous and exogenous peer effects yields various important

insights. Most strikingly, relaxing the restriction on exogenous peer effects shows the degree to which language

skills pose a classroom externality, the magnitude of which depends largely on the peer group composition.

Depending on the English language skills of the bilingual peers, this externality can be either positive or

negative. This underscores the efficacy of educators’ intervention regarding the seating arrangement of

students in the classroom and suggests that teachers take language skills into consideration when regrouping

students (Freeman et al., 2017). Furthermore, the model specifications suggest that the gender achievement

gap could even be more pronounced than in the standard SLM or LiM scenario, although this finding is

driven mainly by the indirect effect. To avoid a perpetuation of the gap, intra-class segregation by gender

should therefore be avoided.
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5 Conclusion

In this paper, I have shown that the application of spatial regression techniques enables an explicit modeling

of peer relations in an EPF setting with direct and indirect effects of the respective variables to assess

the magnitude of spillovers in a school class as a social network. This strategy furthermore allows for an

explicit separate identification of the endogenous and exogenous peer effects described by Manski (1993), as

well as an implicit consideration of the correlated factors of the school environment, class characteristics,

and idiosyncrasies of the specific mathematics and science teachers. Overall, I find significant and positive

endogenous peer effects for eighth grade students in secondary education in the United States. The results are

robust to the inclusion of a full set of individual- and parent-level control variables, as well as to fine-grained

teacher fixed effects and spatially clustered standard errors at the classroom level.

The peer relations within a class can be approximated by applying theoretical sociology-based approaches

of homophily among members of the class as a closed social group. In the absence of information on actual

relationships between the nodes of the social network, different measures of similarity can be used to model

the probability of interaction among all network members. This focus on more relevant peers within the

class strengthens the causal link between individual outcomes and peer group influences and thus increases

precision in determining peer groups.

The main findings have proven to be robust to changes in the theoretical foundation of the social network

matrix, that is, whether it is based on observable or non-observable characteristics or corresponds to an

unweighted averaging of peer attributes. The inclusion of similarity-weighted peer effects helps in reducing

omitted variable bias in the estimation of the remaining coefficients and slightly increases the goodness of

fit of the overall model. Including peer characteristics as an exogenous peer effect together with the status

and value homophily-based social network matrices gives valuable insights into the mechanisms underlying

how, for example, the gender gap in mathematics and science is determined and how linguistic problems and

insufficient language preparation affect classroom performance of the individual and also his or her classmates.

The overall results suggest that spatial regression approaches are a suitable choice for estimating peer effects,

consistent with recent findings and theoretical approaches (Lee, 2006; Lin, 2010; Boucher et al., 2014).

Furthermore, relying on this estimation strategy circumvents the reflection problem discussed at length in

the literature on peer effects in education. Describing social networks based on similarity-based relationships

among students grouped into classes has proven to be a valid approach to modeling peer relations if no

information on reported interactions is available. This increases the range of potential countries that are

suitable for studying peer effects and increases the credibility of impacts of peer performance. However, a

validation using further country samples and possibly other datasets is left for future research.
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Tables

Table 1: Summary Statistics for Categorical Variables

Variable Freq. Percent Cum.

Student gender
Female* 4,293 51.19 51.19
Male 4,094 48.81 100.00
Student frequency of using test language at home
Always∗ 6,199 73.91 73.91
Almost always 1,419 16.92 90.83
Sometimes 689 8.22 99.05
Never 80 0.95 100.00

Student born in United States
Yes∗ 7,932 94.57 94.57
No 455 5.43 100.00

Highest education (Mother)
Some Primary or Lower secondary∗ 300 3.58 3.58
Lower secondary 531 6.33 9.91
Upper secondary 1,758 20.96 30.87
Short-cycle tertiary 935 11.15 42.02
Bachelor’s or equivalent 1,681 20.04 62.06
Postgraduate degree 1,149 13.70 75.76
Don’t know 2,033 24.24 100.00

Highest education (Father)
Some Primary or Lower secondary∗ 324 3.86 3.86
Lower secondary 580 6.92 10.78
Upper secondary 1,896 22.61 33.39
Short-cycle tertiary 766 9.13 42.52
Bachelor’s or equivalent 1,298 15.48 57.99
Postgraduate degree 946 11.28 69.27
Don’t know 2,577 30.73 100.00

Amount of books at home
0–10 books∗ 1,429 17.04 17.04
11–25 books 1,820 21.70 38.74
26–100 books 2,477 29.53 68.27
101–200 books 1,396 16.64 84.92
More than 200 1,265 15.08 100.00

Number of digital information devices
None∗ 29 0.35 0.35
1–3 devices 426 5.08 5.43
4–6 devices 1,800 21.46 26.89
7–10 devices 2,602 31.02 57.91
More than 10 devices 3,530 42.09 100.00

Number of home study supports
Neither Own Room nor Internet Connection 148 1.76 1.76
Either Own Room or Internet Connection 1,639 19.54 21.31
Both Own Room and Internet Connection 6,600 78.69 100.00

table continued on next page
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Table 1: Summary Statistics for Categorical Variables

Variable Freq. Percent Cum.

Mother born in US
Yes∗ 6,434 76.71 76.71
No 1,693 20.19 96.90
I don’t know 260 3.10 100.00

Father born in US
Yes∗ 6,205 73.98 73.98
No 1,735 20.69 94.67
I don’t know 447 5.33 100.00

Notes: The summary statistics above correspond to the unweighted variables from the 8, 566 stu-
dent sample generated from the TIMSS 2015 release available from the IEA’s website. Values that
corresponded to missing at random or no answer provided have been removed as is suggested by the
corresponding codebook.
* denotes the reference category for categorical variables.
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Table 2: Summary Statistics for Metric Variables
Variable Obs. Mean Std.Dev. Min. Max.

Mathematics test score 8,387 520.269 78.795 265.531 766.423
Science test score 8,387 531.589 75.942 266.711 754.784
Average test score 8,387 525.929 75.459 273.595 747.156
Student age 8,387 14.235 0.466 9.830 18.330
Perceived bullying 8,387 10.014 1.933 2.467 12.784
Parent home educational resources 8,387 10.826 1.674 4.232 13.884
Student sense of school belonging 8,387 9.594 1.955 3.048 13.622
Student likes mathematics 8,387 9.552 2.060 4.968 13.978
Student confident in mathematics 8,387 10.329 2.330 3.196 15.925
Student likes science 8,387 10.046 2.143 3.771 13.621
Student confident in science 8,387 10.521 2.270 2.821 15.296

Notes: The summary statistics above correspond to the unweighted metric variables from the 8, 387 student sample
generated from the TIMSS 2015 release available from the IEA’s website. Values that corresponded to missing at random
or no answer provided have been removed as is suggested by the corresponding codebook.
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Table 4: Baseline Regression: Results for Linear-in-Means, Status Homophily, and Value Homophily: Teacher Fixed Effects
SAC Model Nested Model

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Variable SLM LiM SH VH SH+VH LiM SH VH SH+VH

Student gender: Male 12.2406*** 12.2094*** 10.6677*** 11.9137*** 11.4456*** 12.9850*** 12.5430*** 12.5396*** 11.8225***
(1.0222) (1.0304) (1.0352) (1.0226) (1.0246) (1.0345) (1.4162) (1.0250) (1.0863)

Student age -11.3951*** -13.1521*** -12.5961*** -12.9888*** -12.8387*** -12.4737*** -10.3346*** -12.3777*** -11.4936***
(1.1492) (1.1463) (1.1533) (1.1376) (1.1398) (1.1576) (1.2105) (1.1469) (1.1591)

Frequency of using language of test at home
(Reference category: Always)

Almost always 0.9499 1.6455 1.6727 1.4786 1.5749 2.0420 1.9869 1.7182 2.0071
(1.6538) (1.6666) (1.6735) (1.6540) (1.6570) (1.6745) (1.6777) (1.6606) (1.6626)

Sometimes -3.6568 -3.9544* -3.8055 -4.0652* -3.9671* -4.5884* -4.2468* -4.5215* -4.5276*
(2.3175) (2.3520) (2.3596) (2.3338) (2.3383) (2.3910) (2.3846) (2.3651) (2.3676)

Never -1.4086 -5.5530 -4.6318 -5.5006 -5.3300 -1.6123 -1.7045 -1.7894 -1.3901
(5.4538) (5.5668) (5.5867) (5.5243) (5.5346) (5.5918) (5.6020) (5.5441) (5.5518)

Student Born Outside of US 2.0231 3.7700 4.2765* 3.5236 3.7722 2.4454 2.6995 2.4972 2.3821
(2.4627) (2.4908) (2.5003) (2.4716) (2.4762) (2.5062) (2.6070) (2.4859) (2.4947)

Perceived Bullying 0.6703** 1.1527*** 1.1243*** 1.0570*** 1.0890*** 1.0183*** 1.0270*** 0.8858*** 0.9293***
(0.2655) (0.2651) (0.2665) (0.2631) (0.2636) (0.2674) (0.2680) (0.2651) (0.2656)

Endogenous Peer Effect 0.7476*** 0.7304*** 0.7486*** 0.7498*** 0.6930*** 0.6872*** 0.6949*** 0.6986***
(0.0102) (0.0115) (0.0090) (0.0096) (0.0136) (0.0140) (0.0124) (0.0128)

Spatial Error 0.3836*** -1.6152*** -1.4602*** -1.5842*** -1.5994*** -1.5553*** -1.4125*** -1.4861*** -1.5274***
(0.0204) (0.0627) (0.0762) (0.0630) (0.0634) (0.0716) (0.0800) (0.0736) (0.0725)

Peer gender: Male 3.7533 -4.7153 4.5714 4.4952
(4.7694) (4.4190) (4.3727) (4.5283)

Peer age -27.6936*** -24.9999*** -23.9458*** -26.8300***
(4.6193) (4.4932) (4.3202) (4.4951)

Peer frequency of using language of test at home
(Reference category: Always)

Almost always 17.3395** 6.8417 12.2201* 14.0525**
(7.2728) (6.4524) (6.7309) (6.7803)

Sometimes -34.2636** -27.3591** -26.9039** -31.6377**
(14.1725) (11.2205) (12.2444) (12.4573)

Never -33.2101 -28.7914 -38.6148* -26.0750
(25.4409) (18.3809) (22.7381) (20.7519)

Peer Born Outside of US 19.4191* 15.6420* 25.1527** 16.7694
(11.5435) (8.6905) (10.7914) (10.9006)

Parental Factors? Yes Yes Yes Yes Yes Yes Yes Yes Yes
Teacher Fixed Effects? Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 8,387 8,387 8,387 8,387 8,387 8,387 8,387 8,387 8,387
Log Likelihood -44006 -43911 -43930 -43850 -43868 -43840 -43873 -43780 -43797
Pseudo R2 0.106 0.161 0.155 0.164 0.163 0.175 0.168 0.178 0.177

Notes: Dependent variable is the average score in the TIMSS subjects of mathematics and science. Constant term is included, but not shown.
Parental Factors refer to controls for educational achievement, immigration background, and home economic and educational resources specific to the student’s parents.
Teacher Fixed Effects refer to indicator variables for each assigned teacher ID which are absorbed in an auxiliary regression. Note that classes can have more than one teacher per subject.

Robust standard errors, clustered by classroom using the adjacency social network matrix, are reported in parentheses.
*: Significant at the 10% level. **: Significant at the 5% level. ***: Significant at the 1% level.
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Table 5: Baseline Regression: Overview of Direct, Indirect, and Total Impacts
SAC Model Nested Model

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Variable SLM LiM SH VH SH+VH LiM SH VH SH+VH

Direct Effects

Student gender: Male 12.241*** 13.686*** 11.845*** 13.368*** 12.856*** 14.563*** 13.025*** 14.206*** 13.451***
(1.022) (1.158) (1.15) (1.15) (1.153) (1.286) (1.233) (1.253) (1.135)

Student age -11.395*** -14.742*** -13.987*** -14.575*** -14.421*** -16.971*** -14.295*** -16.459*** -15.945***
(1.149) (1.283) (1.279) (1.275) (1.279) (1.322) (1.262) (1.316) (1.287)

Frequency of using language of test at home
(Reference category: Always)

Almost always 0.950 1.845 1.857 1.659 1.769 4.363** 2.999 3.400* 3.981*
(1.654) (1.868) (1.858) (1.856) (1.861) (2.071) (2.021) (2.036) (2.044)

Sometimes -3.657 -4.433* -4.226 -4.562* -4.456* -9.222*** -7.982*** -8.289*** -8.971***
(2.317) (2.636) (2.62) (2.619) (2.626) (3.351) (3.091) (3.185) (3.215)

Never -1.409 -6.225 -5.143 -6.172 -5.987 -5.861 -5.401 -6.788 -4.844
(5.454) (6.24) (6.203) (6.199) (6.217) (6.998) (6.576) (6.796) (6.696)

Student Born Outside of US 2.023 4.226 4.749* 3.954 4.237 5.058 4.858* 5.869* 4.736
(2.463) (2.791) (2.776) (2.773) (2.781) (3.138) (2.776) (3.087) (2.961)

Perceived Bullying 0.670** 1.292*** 1.248*** 1.186*** 1.223*** 2.209*** 2.064*** 2.067*** 2.171***
(0.265) (0.297) (0.296) (0.295) (0.296) (0.311) (0.312) (0.307) (0.309)

Indirect Effects

Student gender: Male 34.652*** 27.693*** 33.979*** 32.867*** 39.918*** 11.99 41.827*** 40.649***
(3.44) (3.083) (3.315) (3.357) (15.09) (11.756) (13.955) (13.759)

Student age -37.328*** -32.699*** -37.045*** -36.867*** -113.753*** -98.582*** -102.473*** -111.101***
(3.716) (3.448) (3.613) (3.684) (13.203) (12.2) (12.769) (13.007)

Frequency of using language of test at home
(Reference category: Always)

Almost always 4.67 4.342 4.217 4.522 58.711** 25.204 42.234* 49.256**
(4.74) (4.354) (4.724) (4.766) (23.220) (20.306) (21.710) (22.098)

Sometimes -11.223* -9.879 -11.594* -11.392* -117.215*** -92.980*** -94.599** -110.914***
(6.693) (6.144) (6.672) (6.731) (44.856) (35.100) (39.332) (40.34)

Never -15.760 -12.024 -15.688 -15.305 -107.461 -92.013 -125.493* -86.199
(15.816) (14.516) (15.768) (15.907) (81.185) (57.962) (73.016) (67.614)

Student Born Outside of US 10.700 11.101* 10.049 10.832 66.096* 53.732** 84.656** 58.750*
(7.076) (6.507) (7.055) (7.119) (36.443) (25.697) (34.350) (34.521)

Perceived Bullying 3.272*** 2.919*** 3.015*** 3.127*** 30.121*** 25.810*** 29.659*** 30.991***
(0.767) (0.707) (0.760) (0.769) (3.287) (3.139) (3.168) (3.248)

Total Effects

Student gender: Male 12.241*** 48.338*** 39.538*** 47.347*** 45.723*** 54.481*** 25.014** 56.033*** 54.100***
(1.022) (4.498) (4.141) (4.386) (4.426) (15.911) (11.541) (14.734) (14.173)

Student age -11.395*** -52.070*** -46.686*** -51.620*** -51.288*** -130.724*** -112.877*** -118.932*** -127.046***
(1.149) (4.890) (4.612) (4.801) (4.865) (13.909) (12.622) (13.486) (13.617)

Frequency of using language of test at home
(Reference category: Always)

Almost always 0.9500 6.515 6.200 5.876 6.291 63.074** 28.203 45.634** 53.236**
(1.654) (6.607) (6.211) (6.579) (6.627) (24.544) (21.554) (23.001) (23.396)

Sometimes -3.657 -15.656* -14.104 -16.156* -15.848* -126.437*** -100.962*** -102.888** -119.885***
(2.317) (9.323) (8.758) (9.285) (9.352) (47.356) (37.249) (41.632) (42.676)

Never -1.409 -21.985 -17.167 -21.860 -21.292 -113.321 -97.414 -132.281* -91.043
(5.454) (22.051) (20.716) (21.963) (22.120) (85.722) (61.913) (77.317) (71.758)

Student Born Outside of US 2.023 14.926 15.850* 14.003 15.069 71.154* 58.590** 90.526** 63.486*
(2.463) (9.863) (9.276) (9.824) (9.895) (38.481) (26.781) (36.343) (36.218)

Perceived Bullying 0.6700** 4.564*** 4.167*** 4.201*** 4.350*** 32.330*** 27.874*** 31.726*** 33.162***
(0.2650) (1.060) (0.999) (1.052) (1.061) (3.462) (3.316) (3.337) (3.420)

Notes: Partitioned effects are calculated based on the estimated regression coefficients presented in table 4 (see section B.1 of the appendix for details). The dependent variable is the
average score in the TIMSS subjects of mathematics and science.
Robust standard errors are reported in parentheses.
*: Significant at the 10% level. **: Significant at the 5% level. ***: Significant at the 1% level.
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A Figures

Figure 1: Example of similarities within a class

(a) Student characteristics

Student i Gender Age Attitude
1 male 14.1 2.7
2 female 14.7 3.2
3 female 14.0 9.1
4 male 14.5 5.3

(b) Dyadic Gower similarity measures

Student 1 Student 2 Student 3

Student 2

sex 0.00
age 0.14
attitude 0.92

total 0.35

Student 3

sex 0.00 sex 1.00
age 0.86 age 0.00
attitude 0.29 attitude 0.08

total 0.38 total 0.36

Student 4

sex 1.00 sex 0.00 sex 0.00
age 0.43 age 0.71 age 0.29
attitude 0.59 attitude 0.67 attitude 0.41

total 0.67 total 0.46 total 0.23

(c) Network visualization: Linear-in-Means

1 ♂ 2 ♀

3 ♀ 4 ♂

(d) Network visualization: Similarity-based

0.35

0.38
0.67

0.36
0.46

0.23

1 ♂ 2 ♀

3 ♀ 4 ♂
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Figure 2: Histogram of Class Sizes in the Estimation Sample
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B Technical appendix

B.1 Interpreting parameter estimates

In spatial regression models, coefficient estimates cannot be simply interpreted as marginal effects due to

spillover or feedback mechanisms. Rather, effects of changes in the explanatory variables can be partitioned

into direct, indirect, and total effects, which differ from the estimated regression coefficients. The derivation of

the partitioned effects is illustrated using an example based on the spatial autoregressive model specification.

For an SAR model, a simplified version of the regression equation (7), solved for O, can be portrayed as

equation (8), where Z is a matrix of all K variables16 used in the prior regression and θ is the corresponding

coefficient vector.

O = (In − ρW)−1[αιn + Zθ + ε
]

(8)

Refraining from the matrix notation for Zθ, the equation can be rearranged and rewritten so that zr is now

a n× 1 vector for the observations of variable r ∈ [1, . . . ,K].

O = V (W)
[
αιn + ε

]
+

K∑
r=1

Sr(W)zr (9)

with Sr(W) = V (W)(Inθr)

and V (W) = (In − ρW)−1

Expanding the matrices Sr(W), O and vector zr yields the following equation.


o1

o2
...

on

 =
K∑
r=1


Sr(W11) Sr(W12) · · · Sr(W1n)

Sr(W21) Sr(W22) · · · Sr(W2n)
...

...
. . .

...

Sr(Wn1) Sr(Wn2) · · · Sr(Wnn)




z1r

z2r
...

znr

+ V (W)
[
αιn + WXλ+ ε

]
(10)

For a single observation, for example, student i, this can be rewritten as

oi =
K∑
r=1

[
Sr(W)i1z1r + Sr(W)i2z2r + · · ·+ Sr(W)inznr

]
+ V (W)i

[
α+ ε

]
(11)

Taking the derivative with respect to variable r of individual j then yields the following expression

∂oi
∂zjr

= Sr(W)ij (12)

16This includes student and parent-level variables
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For variable r, the effect of a change of individual j ∈ [1, . . . , n] on individual i ∈ [1, . . . , n] can be portrayed

in a n×n matrix of derivatives. For i 6= j, this matrix illustrates that, in contrast to the standard OLS case,

the derivative of oi with respect to zjr is non-zero. Changes in characteristics of individual j affect not only

j’s outcome but also the outcomes of all other individuals.

Sr(W) =



∂o1
∂z1r

∂o1
∂z2r

· · · ∂o1
∂znr

∂o2
∂z1r

∂o2
∂z2r

· · · ∂o2
∂znr

...
...

. . .
...

∂on

∂z1r

∂on

∂z2r
· · · ∂on

∂znr

 =


Sr(W)11 Sr(W)12 · · · Sr(W)1n

Sr(W)21 Sr(W)22 · · · Sr(W)2n
...

...
. . .

...

Sr(W)n1 Sr(W)n2 · · · Sr(W)nn

 (13)

From the matrix in equation (13), the partitioned effects can be read in the following way. First, the direct

effects can be found on the main diagonal of the matrix. The average direct effect corresponds to the average

of all elements on the main diagonal, that is,

directr = n−1 tr
(
Sr(W)

)
(14)

The total effect on individual i resulting from a one-unit change in variable zr for all individuals (including

i) can be read from the sum of the ith row of the matrix. Accordingly, the average total effect corresponds

to the average of the sum of all rows, which can be expressed as in equation (15).

totalr = n−1ι′n tr
(
Sr(W)

)
ιn (15)

Last, the indirect effect on the outcome of student i corresponds to a change in variable zr for all other

individuals, except for i. This corresponds to the difference between the individual total and direct effect.

The average indirect effect then is the average total minus the average direct effect.

indirectr = totalr − directr (16)

The results presented in table 5 have been constructed according to the formulas introduced above, using the

built-in post-estimation command estat impact from the sp class commands introduced in Stata version 15.

By default, this command uses the delta method to calculate the variance of the impacts.
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