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A B S T R A C T

Political attitudes and social networks are inherently linked, and societal inter-

est in their connections has grown. Particularly, growing concerns about the

fragmentation of society into groups opposed by ideology and affect towards

one another have been grouped under the term of polarization. This macro-

level outcome is often studied independently from the micro-level processes

which may cause it. I study these processes in an offline context, examining pri-

marily similarity-biased selection and similarity-inducing social influence on

multiple political attitudes and behaviours in longitudinally-observed cohorts

of Swiss students. I aim to link these micro-level processes of selection and

influence to their macro-level outcomes, and to understand complicated sets

of multiple opinions in parsimonious ways. In doing so, I bridge simulation

and empirical models, and additionally examine behavioural outcomes. In the

Introduction (Chapter 1) I introduce aims, concepts, and the current state of

research.

In Chapter 2, an empirical, dynamic network model is developed for stu-

dents’ friendships and political attitudes over time and across a variety of

topics, disentangling selection from influence effects in the stochastic actor-

oriented model framework. Conceptualizing attitudes as a valenced, two-mode

network between individuals and issues, endogenous structural tendencies in

the friendship network and attitude network are accounted for, as are latent

effects driving convergence and divergence of similar and dissimilar individu-

als occurring beyond the confines of their friendships. A metric is developed

to capture ideological and relational aspects of polarization, and a test to cap-

ture whether it differs from an expectation in the observed network. Selection

effects are found, while influence finds more modest support. On the other

hand, convergent and divergent forces on attitudes are clearly found. The co-
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horts examined are found to be slightly polarized, but this does not clearly

change over time.

In Chapter 3, the model produced in Chapter 2 is re-applied as a genera-

tive model to examine how processes of selection and influence, and latent

divergence and convergence-inducing forces affect the network and its level of

polarization. Manipulating the strength of effects and model estimation meth-

ods and simulating forward from observed data, this chapter demonstrates a

method that may be useful to bridge gaps in the link between agent-based

models and empirical calibration and validation. In particular, it incorporates

explicit notions of time and tie type, models tie change, and builds in an ex-

plicit empirical calibration. Effects of selection and influence on polarization

are found to be generally weak, while latent forces are somewhat stronger.

Overall there is a tendency towards a drop in polarization over time.

In Chapter 4, political discussion networks, friendships, and voting behaviour

are examined, focusing on the choice to vote and the choice of vote. Effects of

one’s discussants and friends are examined in the understudied context of

Swiss direct democratic referenda. Assimilative, normative effects of choosing

to vote are expected, while a hypothesis of being isolated in one’s opinion

could not be tested due to its infrequency. Regarding choice of vote, assimila-

tive influence is hypothesized, with a positive moderating effect of intending

to vote but being undecided, as well as a reduced influence amongst the more

knowledgeable, and increase amongst the especially interested. Apparent sim-

ilarities between discussants disappear when controlling for an individual’s

prior vote intentions, though in friendship an association remains.

Contributions of this thesis are bridging between micro process and macro

outcome, while applying a multi-issue frame to understanding selection and

influence effects. In terms of results, the effects of selection and influence are

not strong, but particularly selection is regularly present. These forces appear

to result in little polarization – nonetheless having a potential impact on so-

cietal outcomes via voting. Further research should be conducted on identity

under complex political systems, as well as integration of other cultural prefer-

ences and distinctions between types of influence. To bridge and understand

the consequences of offline and online processes, more work is needed explic-
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itly incorporating both modes. More can and should be done to understand

how and when socio-political fractures may occur and how they impact us.
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Z U S A M M E N FA S S U N G

Politische Einstellungen und soziale Netzwerke sind von Natur aus miteinan-

der verknüpft, und das gesellschaftliche Interesse an ihrem Zusammenwirken

ist gewachsen. Die hierbei wachsende Besorgnis über die Zersplitterung der

Gesellschaft in Gruppen, die sich in ihrer Ideologie und in ihren Affekten ge-

genüberstehen, wurde unter dem Begriff der Polarisierung zusammengefasst.

Die Polarisierung auf Makroebene wird oft unabhängig von den Prozessen

auf der Mikroebene untersucht, die es möglicherweise verursachen. Ich un-

tersuche diese Prozesse in einem Offline-Kontext, indem ich in erster Linie

die auf Ähnlichkeit beruhende Selektion und den sozialen Einfluss, der Ähn-

lichkeit erzeugt, im Kontext von verschiedenen politischen Einstellungen und

Verhaltensweisen durch eine längsschnittlich Beobachtung von Kohorten von

Schweizer Studierenden untersuche. Mein Ziel ist es, diese Selektions- und Be-

einflussungsprozesse auf der Mikroebene mit den Ergebnissen auf der Makro-

ebene zu verknüpfen und die komplizierten Ansammlungen von Meinungen

in ihrer Interaktion zu verstehen. Dabei verbinde ich simulationsbasierte so-

wie empirische Modelle und untersuche zusätzlich gezeigtes Verhalten. In der

Einleitung (Kapitel 1) stelle ich die Ziele, Konzepte und den aktuellen Stand

der Forschung vor.

In Kapitel 2 wird ein empirisches und dynamisches Netzwerkmodell ent-

wickelt, welches die Entwicklung von Freundschaften und politischen Einstel-

lungen von Studierenden im Zeitverlauf und über eine Vielzahl von Themen

hinweg untersucht. Hierbei werden im Rahmen eines stochastischen akteur-

sorientierten Modells Selektionseffekte von sozialen Einflusseffekten entkop-

pelt. Durch die Konzeptualisierung von Einstellungen als ein valenzbasiertes

und bipartites Netzwerk zwischen Individuen und Themen, werden endogene

strukturelle Tendenzen im Freundschaftsnetzwerk und im Einstellungsnetz-

werk berücksichtigt, ebenso wie latente Effekte, die die Konvergenz und Di-

vergenz in Bezug auf ihre Einstellungen ähnlicher und ungleicher Individuen
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über die Grenzen ihrer Freundschaften hinaus beeinflussen. Es wird eine Me-

trik entwickelt, um ideologische und relationale Aspekte der Polarisierung zu

erfassen, und ein Test, um festzustellen, ob diese im beobachteten Netzwerk

von den Zufallserwartungen abweichen. Einerseits werden in der Studie Selek-

tionseffekte festgestellt, während der Effekt von sozialem Einfluss eher gering

ausfällt. Andererseits sind konvergierende und divergierende Kräfte auf die

politischen Einstellungen eindeutig festzustellen. Die untersuchten Kohorten

sind leicht polarisiert, was sich jedoch im Laufe der Zeit nicht signifikant ver-

ändert.

In Kapitel 3 wird das in Kapitel 2 erstellte Modell erneut angewendet, jedoch

als generatives Modell, um zu untersuchen, wie sich Selektions- und Einflus-

sprozesse sowie latente Divergenz- und Konvergenzkräfte auf das Netzwerk

und seinen Polarisierungsgrad auswirken. Durch die Manipulation der Stärke

von Effekten, der Modellschätzungsmethoden und der Anzahl an Vorwärtssi-

mulationen von beobachteten Daten, zeigt dieses Kapitel eine Methode, die

nützlich sein kann, um die Lücken in der Verbindung zwischen agentenba-

sierten Modellen und empirischer Kalibrierung und Validierung zu schlies-

sen. Insbesondere enthält diese Methode explizite Operationalisierungen von

Zeit und Beziehungsart, modelliert Beziehungsveränderungen und baut eine

explizite empirische Kalibrierung ein. Die Auswirkungen von Selektion und

Einfluss auf die Polarisierung sind im Allgemeinen schwach, während die la-

tenten Kräfte etwas stärker sind. Insgesamt gibt es eine Tendenz zu einem

Rückgang der Polarisierung im Laufe der Zeit.

In Kapitel 4 werden politische Diskussionsnetzwerke, Freundschaften und

das Wahlverhalten untersucht, wobei der Schwerpunkt auf der Wahlentschei-

dung und der Entscheidung zur Abgabe der Stimme an sich liegt. Die Aus-

wirkungen der eigenen Diskussionspartner und Freunde werden im wenig un-

tersuchten Kontext der Schweizer direktdemokratischen Volksabstimmungen

untersucht. Es werden assimilative und normative Effekte der Stimmabgabe er-

wartet, während die Hypothese der Isolation der eigenen Meinung aufgrund

ihrer Seltenheit in den Daten nicht getestet werden konnte. Hinsichtlich der

Wahlentscheidung wird ein assimilativer Einfluss angenommen, mit einem po-

sitiven moderierenden Effekt, wenn man die Absicht hat zu wählen jedoch
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unsicher ist wen man wählt, sowie mit einem geringeren Einfluss bei den bes-

ser Informierten und einem höheren Einfluss bei den besonders Interessierten.

Die offenbarten Ähnlichkeiten zwischen den Diskutanten verschwinden, wenn

man für die früheren Wahlabsichten einer Person kontrolliert, obwohl in dem

Freundschaftsnetzwerk ein Zusammenhang bestehen bleibt.

Der Beitrag dieser Dissertation besteht darin, eine Brücke zwischen dem

Mikroprozess und dem Makroergebnis zu schlagen und gleichzeitig einen the-

menübergreifenden Rahmen zum Verständnis von Selektions- und sozialen

Beeinflussungseffekten anzuwenden. Was die Ergebnisse betrifft, so sind die

Effekte von Selektion und sozialem Einfluss nicht stark, aber regelmässig vor-

handen. Insgesamt scheinen beide Effekte zu einer geringen Polarisierung zu

führen – nichtsdestotrotz haben sie durch die Wahl einen potenziellen Einfluss

auf die gesellschaftlichen Ereignisse. Weitere Forschung sollte zur Identität

in komplexen politischen Systemen sowie zur Integration anderer kultureller

Präferenzen und zur Unterscheidung zwischen verschiedenen Arten von Ein-

fluss durchgeführt werden. Um die Unterschiede und Folgen von Offline- und

Online-Prozessen zu verstehen, ist mehr Arbeit erforderlich, die ausdrücklich

beide Modi einbezieht. Es kann und sollte mehr getan werden, um zu verste-

hen, wie und wann gesellschaftspolitische Brüche auftreten können und wie

sie sich auf uns auswirken.
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1
I N T R O D U C T I O N

Political attitudes and their links to social networks have seen growth in inter-

est in recent years. Mass political polarization in particular has been a dom-

inant theme of the 21st century, with some debate as to its definition(s), its

causes, and consequences. While some argue a level of disagreement is benefi-

cial to democracy, others are concerned about the fragmentation of societies it

may have as a result.

Mass political polarization is typically defined by reference to ideological

clefts which outline opposed groups (such as conservatives versus liberals or

adherents of political parties against one another) in the public, in some cases

focusing on negative relations between such groups (e.g. DiMaggio, Evans, &

Bryson, 1996; Iyengar et al., 2019). In understanding how political polariza-

tion may come about, fingers have often been pointed at the internet and its

affordances, permitting or encouraging filter bubbles of personalized informa-

tion congenial to pre-existing views or access to echo chambers to spaces of

individuals with little ideological diversity (Pariser, 2011; Sunstein, 2007). As a

consequence of these processes, people may be influenced to take on new, po-

tentially extreme or overly aligned views (Turner, 1991), and/or develop neg-

ative views about the other side (Bougher, 2017; Iyengar et al., 2019; Webster

& Abramowitz, 2017). The extent of the online-specific affordances causing po-

larization appears to have been exaggerated, although not entirely misplaced

(Dubois & Blank, 2018; Guess, 2021). However, while a focus has recently been

placed on the internet and social media sites, these tendencies to choose inter-

actions with similar others (homophilous selection) and influence one another

to similarity (assimilative influence) correspond to common features of social

behaviour (McPherson, Smith-Lovin & Cook, 2001; Turner, 1991) also occur of-

fline. The selectively chosen personal relationships in which these interactions

can be embedded convey more trust and closer connection when offline than

in purely online relationships (Antheunis, Valkenburg, & Peter, 2012; Mesch &
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2 introduction

Talmud, 2007), and so may be more consequential for our opinions, and reflect

them in a different way1. These patterns of selection and influence can have

important outcomes for democratic societies.

Studies of political opinion dynamics have typically approached polarization

and related problems in one of three ways; the first two are based on analysis of

empirical observation, and the third is based on simulation. A common focus

amongst empirical researchers has been to examine the macro, societal political

opinion landscape and understand it through the lens of macro-level determi-

nants such as media frames or elite opinion (Hetherington, 2009). Alternatively,

micro-processes are studied, i.e. individual dispositions and dyadic processes

hypothesized to contribute to polarization, and changes in individuals’ polit-

ical opinions or intergroup perceptions within individuals are examined (e.g.

Levendusky, 2009; Simas, Clifford, & Kirkland, 2020; Whitt et al., 2021). How-

ever, these are rarely able to directly link micro-mechanisms with emergent

macro outcomes. With a focus on the classic sociological problem of getting

at the micro-macro link (Coleman, 1990), researchers using agent-based mod-

els (ABMs) have leveraged an increase in available computing power to build

intensive and diverse simulations of societies to understand the dynamics of

opinions between individuals and their possible consequences. This line of

work has yielded interesting insights, such that we now know stylized suffi-

cient conditions to cause consensus, bipolarization, and fragmentation (Flache

et al., 2017). ABMs are somewhat lacking in empirical integration (Baldassarri

& Page, 2021; Flache et al., 2017; Mäs, 2019; Sobkowicz, 2009). Typically, omit-

ted from these models are features such as a notion of real-world time, and

critically, the dynamics of the networks underlying dyadic influence processes.

Simply put, empiricists are rarely able to directly link micro-processes to macro

outcomes but are able to provide information on reality, while theory-based

ABMs are able to show how these micro-to-macro problems might operate in

stylized scenarios, but are hindered by the infrequent provision of empirical

grounding.

In this dissertation, I attempt to integrate both micro process and macro out-

comes using empirical analysis and simulation of social networks – arguing

1 Though online components may also aid the spread of opinions within these in-person rela-

tions (Jost, Baldassarri, & Druckman, 2022).



1.1 concepts 3

that our social relations are intrinsically linked to political opinions. Aiming

firstly to bridge between micro-level mechanistic tests and macro-level studies

of political polarization, I focus on the effects on and of people’s chosen ties in

interpersonal networks, i.e. micro-processes, which result in possible polariza-

tion and democratic vote choices, i.e. macro-level outcomes. As a second aim,

I try to understand processes and outcomes in contexts where ideological and

partisan affiliations are unlikely to meet commonly assumed bipolar under-

standings of polarization; in a multiparty system. To do this, I fit the processes

and outcomes into a multivariable attitude and behaviour framework.

In tackling the above, I apply and extend concepts and statistical models

for social networks to understand polarization, disentangling assimilative se-

lection from homogenizing assimilative social influence effects on political at-

titudes. I consider both relational and ideological aspects. I also zoom in to

explicitly political relationships and direct measures of democratic choices, ex-

amining the effects of political discussants on multiple direct democratic votes.

The second section of this introductory chapter will clarify theoretical con-

cepts relevant to this dissertation. The third section will offer an overview of

current research and its gaps in more detail, while the fourth will present the

empirical context on which I have focused. The fifth section will introduce the

chapters, one by one.

1.1 concepts

1.1.1 Micro mechanisms

Micro mechanisms are taken to mean effects on and effects of individuals,

rather than effects on or of a large-scale context. I focus on localized features

from actors’ social connections, which I take to be approximately micro, or

potentially meso-level features. This is essentially somewhere between what

Hedström and Swedberg (1998, p.23) term action-formation mechanisms (i.e.

those primarily within an individual; micro-to-micro) and situational mecha-

nisms (i.e. those from the environment to the individual; macro-to-micro). In
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particular, I test social effects occurring primarily between (aggregated) pairs

of individuals, examining how these affect individuals. Focal mechanisms are

social influence, the process of change of an attribute of an individual depending

on other individuals around them, and social selection, the process of changing

an individual’s connections to others according to their preferences. In chap-

ters 2 and 3, these are formulated as tendencies towards local structures occur-

ring between pairs of individuals and objects of their issue attitudes, while in

Chapter 4, I focus on influence as similar or congenial voting behaviour.

1.1.1.1 Social influence

Throughout this dissertation, the term “social influence" is used. I follow the

basic definition given by Rashotte (2007): social influence is “change in an

individual’s thoughts, feelings, attitudes, or behaviours that results from inter-

action with another individual or a group". Social influence is not based on

the application of power from a sender to a receiver but on acceptance of infor-

mation by a receiver (Turner, 1991). This dissertation, then, primarily concerns

influence on attitudes which may or may not be publicly expressed. Consid-

ering two types of social influence, informational and normative (Deutsch &

Gerard, 1955), different kinds of outcomes are expected. Normative social in-

fluence tells us about what is socially appropriate, and therefore can affect

observable behaviours without affecting private beliefs. On the other hand, in-

formational influence gives us evidence about what is true. A middle ground

proposes we may be influenced in our perception of ‘social reality’ (Festinger,

1950), which can be to a greater or lesser extent based in physical reality. These

perceptions of social reality are dependent on the knowledge we gain from

those around us.

An assimilative, dyad-based, and primarily informational social influence is

typically assumed in the studies presented in this dissertation. It is assimilative

in that it is social influence which has the effect of making individuals similar.

It is dyadic in that it is based on (aggregations of) two-person differences or

similarities of attitudes or behaviours. Consistent with common conceptions of

social influence in political attitudes, I do not assume that this influence relates

strictly to direct information about the political attitudes and behaviour at
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hand, but can also include heuristics that allow individuals to make ‘cheaper’

informational inferences about preferences that would be consistent with other

beliefs under a complex set of possible considerations such as (dis)agreement

between individuals on other beliefs (similar to arguments presented in e.g.

Downs, 1957; Sokhey & Djupe, 2011).

1.1.1.2 Social selection

Social selection as a process here refers to how individuals decide to whom

they connect or choose to remain connected. In analogy to the assimilative

influence presented in the previous subsection, I use selection as shorthand

to refer to homophilous social selection. This is a similarity-based social selec-

tion, which may be circumscribed by both an avoidance of particularly dissim-

ilar others (perhaps more properly called ‘heterophobic’ social selection) or

a preference to associate with similar others. This follows what is described

by McPherson and Smith-Lovin (1987) as ‘choice homophily’: a tendency to

affiliate with others above the frequency expected given the opportunity set.

Notably, in the sociological literature, the term ‘homophily’ is often used to

refer to a static observation of above-chance affiliation between similar indi-

viduals (McPherson, Smith-Lovin, & Cook, 2001). This is not reflective of the

process by which this observation occurs, which may involve the deliberate

social selection2 to which I refer throughout this dissertation.

1.1.2 Macro outcomes: political polarization

Political polarization is a complex topic of research; definitions abound (Bram-

son et al., 2016; Iyengar, Sood, & Lelkes, 2012), yielding varied conclusions on

extent and change over time. In this dissertation, I focus on definitions aimed

at mass publics, i.e. those who are not part of the political elite such as “politi-

2 Observed static homophily may be based on selection on the attribute in question (e.g. friend-

ship between two people due to a preference for the same hobby) or could also involve in-

fluence (inducing a friend to take up the same hobby) or some other confounding factor

(e.g. both attending the same hobby-related club and therefore becoming friends) (Shalizi &

Thomas, 2011).
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cians, higher-level government officials, journalists, some activists, and many

kinds of experts and policy analysts" (Zaller, 1992, pp.6).

Polarization can be taken to mean either a dynamic process or a state (e.g.

Bramson et al., 2016; DiMaggio, Evans, & Bryson, 1996). Focal divides in def-

initions separate the concept of political polarization into two main streams.

Firstly, an ideological perspective on polarization centred on individuals’ atti-

tudes towards political issues (e.g. Abramowitz & Saunders, 2008; DiMaggio,

Evans, & Bryson, 1996), and secondly, a social view based on attitudes towards

other individuals of similar and dissimilar ideological alignment (Druckman

et al., 2020; Iyengar et al., 2019). When focusing on issue-centred attitudes as

the object of study, I follow the definition given by Eagly and Chaiken (1998):

“a psychological tendency that is expressed by evaluating a particular entity

with some degree of favour or disfavour" when considering polarization.

In ideological variants of polarization, operationalizations of its static forms

include either a measure of the extremity of single-issue attitudes, the align-

ment between attitudes and political group affiliation, or alignment of multi-

ple attitudes also known as constraint (Baldassarri & Gelman, 2008; Converse,

1964; DiMaggio, Evans, & Bryson, 1996; Kozlowski & Murphy, 2021; Lelkes,

2016). DiMaggio, Evans, and Bryson (1996) proposed four features evidenc-

ing ideological, process-based polarization: increasing dispersion of single is-

sues attitudes, increasing bimodality of single issue attitudes, increasing con-

straint between attitudes on various issues, or increased association between

salient group characteristics (such as partisanship) and issue attitudes. While

much polarization research has focused on the two-party political system of

the United States, a multiparty context is studied in this dissertation. This

means that various combinations of political attitudes can be reflected by vari-

ous parties which can be substantially more complex than many of the bipolar

features considered above. Due to this, I focus on constraint-based definitions

of polarization both as a process and outcome.

Affective polarization is defined in considerably simpler terms, with a focus

on the difference between one’s (dis)like of the political group to which one

belongs (the ingroup), and (dis)like of the group to which one does not belong

(the outgroup). Feeling more warmly, perceiving less social distance towards
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the ingroup than the outgroup, or having more negative stereotypes about the

outgroup than the ingroup can all be signs of affective polarization (Iyengar,

Sood, & Lelkes, 2012; Lelkes, 2016; Reiljan, 2020; Wagner, 2021), and constitute

attitudes about both the outgroup elite as well as its adherents (Druckman &

Levendusky, 2019). This may be reflected in affiliative outcomes – i.e., with

whom one has a positive social tie (Iyengar et al., 2019) – an assumption made

in chapters 2 and 3.

1.1.3 Network concepts

1.1.3.1 Social ties

A ‘social tie’ here is used to mean the relationships occurring between two

individuals, represented by a connection between their representations, re-

garding some perception of and/or interaction with one another. I focus in

chapters 2 and 3 on ties of friendship. Friendship is largely choice-based (as

opposed to ties of e.g. kinship), and often conveys frequent interaction, inti-

macy and emotional intensity and as such is a relatively strong tie (Fischer,

1982; Granovetter, 1973; Krackhardt, Nohria, & Eccles, 2003). Friendship can

also be seen as a host for different types of interactions, including those of

relevance to politics (Marsden, 1987). Friendships have been shown to chan-

nel influence and be selected across a multitude of behavioural and attitudinal

variables such as cultural tastes (Lewis & Kaufman, 2018; Lizardo, 2006; Lomi

& Stadtfeld, 2014), mental health (Schaefer, Kornienko, & Fox, 2011), physical

health (Salvy et al., 2012) and delinquent behaviours (Brechwald & Prinstein,

2011) and in the political realm may be an explanation for similarity in political

attributes in college students (Lazer et al., 2010; Levitan & Visser, 2009). In the

empirical samples used in this dissertation, friendships are relatively common

and are formed from the very start of the sampled cohorts’ formation, and

therefore have the potential to show selection and influence processes well.

Friendships may well be channels for political information but are not inher-

ently strongly political. I therefore examine political discussion ties in addition

to friendship in Chapter 4, since these discussions explicitly convey political

information and are highly embedded in friendships (Marsden, 1987; Minozzi
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et al., 2020; Song, 2015), helping to clarify the roles of friendships in political

outcomes. Nonetheless, they are not the only way political information may

be transmitted across friendships: this may be inferred from other attributes

which signify the political positions of one’s friends, and repeated observa-

tion of co-occurring attributes may help channel further influence (Goldberg &

Stein, 2018).

Notably, while we may see a tie such as friendship as a persistent, perceived

relationship between two individuals, a political discussion is a relational event

that occurs with a more precise, shorter-term beginning and end (though what

constitutes a political discussion can be subjective, Hopmann et al., 2015), and

can occur repeatedly between the same two individuals. In this dissertation, I

treat this statistically in much the same way as friendship. This can enable an

understanding of the consequences of the diversity of points of view available,

but comes at the cost of ignoring qualities of repeated political discussions

between two individuals.

1.1.3.2 Two-mode networks

The relationship between individuals and the subjects of their political atti-

tudes can also be treated as a type of network known as a two-mode net-

work. Two-mode, or multilevel networks are networks consisting of two sets

of nodes, representing entities such as or individuals and subjects of an at-

titude (Raabe, Boda, & Stadtfeld, 2019), individuals and social events which

they attend (A. Davis, Gardner, & Gardner, 1941), or organizations and their

competences (Hollway et al., 2017). These sets of nodes can be interconnected

between the sets, but the same tie type does not occur within sets (Lazega &

Snijders, 2015). This stands in contrast to a one-mode social network of ties

such as friendship occurring within a set of individuals. These can be com-

bined, similarly to cognitive balance theory (e.g. Heider, 1946) which formu-

lated networks of pairs of individuals and their attitudes towards other objects.

In the example in Figure 1.1 attitudes about policy issues are depicted as a two-

mode network. Positive and negative attitudes are treated as green or red ties

respectively, from individuals holding them (circles) to the policy issues at

hand (squares).
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Policies

Attitudes

Individuals

Figure 1.1: An illustrative multilevel network of individuals and attitudes. Squares

represent policies, red and green ties represent positive and negative attitudes that

circle individuals hold about the policies.

This two-mode representation of policies, individuals, and attitudes, espe-

cially in combination with a one-mode network between individuals enables

new representations of the macro-level outcomes such as the level of polar-

ization. Mixing these two kinds of networks aids us in treating social and

ideological aspects of polarization in combination. To illustrate, the upper two

structures in Figure 1.2 show two configurations of attitudes that might be

overrepresented under stronger ideological polarization – individuals either

holding identical or opposed attitudes on the same set of issues, representing

constraint between issues. The lower two structures show two configurations

likely to be overrepresented under relational polarization, a potential conse-

quence of affective polarization – individuals are more likely to be connected

to those who share an opinion, and less likely to connect to someone with an

opposed opinion.
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Figure 1.2: Four structures expected to be overrepresented in mixed two-mode and

one-mode networks under ideological and affective polarization. Squares represent

policies, red and green ties represent positive and negative attitudes that circle indi-

viduals hold about the policies.

The mixed two-mode and one-mode network representational approach meshes

well with the strengths of the stochastic actor-oriented model, a statistical

framework for analyzing longitudinal network data (Snijders, van de Bunt, &

Steglich, 2010). This statistical framework, also suited for mixed one-mode and

two-mode, data allows the estimation of the effects of hypothesized tendencies

towards assimilative and repulsive influence, as well as homophilous or het-

erophobic selection, in a parsimonious way. The specific qualities of individual

policy issues are ignored to make simplifying assumptions of uniformly-sized

effects of e.g. influence or selection, providing the opportunity to construct a

simple general model of micro-processes and link these directly to novel con-

ceptualizations of macro outcomes.
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1.2 research overview

In this section, I present an overview of relevant research and its current state

on these topics of networked social influence and selection on political atti-

tudes and behaviors, political polarization; primarily with a view to highlight

several gaps.

1.2.1 Political polarization

Most prominent research on political polarization has been conducted in the

United States, where the two-party system makes the study of the concept

simpler than in many other nations. Often this results in defining polarization

via reference to the two parties or two ends of an ideological spectrum: adher-

ents of either party displaying attitudes or affection more positively to their

co-party adherents, compared to the opposed party adherents, are considered

evidence of polarization (Lelkes, 2016). However, in multiparty systems com-

mon in other parts of the world, definitions become more complicated (Reiljan,

2020; Wagner, 2021).

Early work demonstrated that in general the mass public is not particu-

larly constrained by coherence in their views (Converse, 1964), suggesting a

low level of multiattitudinal ideological polarization. In examining polariza-

tion of multiple issues considered separately, DiMaggio, Evans, and Bryson

(1996) similarly find limited evidence of ideological polarization on single is-

sues, with an exception of US citizens having become more polarized on the

issue of abortion, and evidence of Democrats and Republicans becoming more

different in their views.

Later work by Abramowitz and Saunders (2008) suggested that polarization

had increased by means of increased ideological consistency between partisans

when considering party adherence and ideological polarization. However, Fio-

rina and Abrams (2008) argued that any apparent increase in consistency was

due to ‘sorting’; due to change in the views espoused by party politicians to

become more consistent, individuals were better able to choose one that repre-

sented their views, while overall views had not changed in distribution. Simi-
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larly, Baldassarri and Gelman (2008) showed that apparent issue alignment of

individuals’ views could be well explained by an individual’s partisanship, a

finding echoed in a report by Pew Research Center (2014). An analysis based

on data that became available later showed that polarization as issue alignment

had nonetheless recently increased in addition to the growth in partisanship-

based polarization in the United States (Kozlowski & Murphy, 2021). This may

be explained be a temporary reflection of a different speed of uptake of pro-

gressive moral values between groups (Baldassarri & Park, 2020).

In Europe, where the studies in this dissertation are situated, less systematic

analysis of ideological polarization of mass publics has been published. In the

United Kingdom there has been some suggestion of depolarization up until

the year 2001 (Adams, Green, & Milazzo, 2012), and some mixed evidence

until 2010 (Perrett, 2021). A recent preprint proposing new conceptualizations

of ideological polarization while studying left-right orientations and two key

political issues – immigration and European unification – shows variation in

both the levels of, and change in, ideological polarization over time between

countries3 (Gestefeld et al., 2021). In Germany, polarization as constraint or

alignment had been suggested to have decreased up until at least 2010 (Mun-

zert & Bauer, 2013), while in the Netherlands, mass polarization appeared to

have increased in terms of left-right self-reporting (Silva, 2018).

In the context of Switzerland, where the current studies are based, there

are some suggestions of ideological polarization. At the level of the Swiss elite,

there does appear to be increasing polarization amongst politicians and parties,

and to some extent amongst the voting public, based on voting and media

coverage (Bochsler, Gerber, & Zumbach, 2016; Bornschier, 2015). This is linked

with unclear direction to Switzerland’s high proportion of ideologues – those

holding aligned values – in the mass public (Gonthier & Guerra, 2022).

Considering affective polarization, the tendency to have more positive feel-

ings and attributions towards the political ingroup than the outgroup, results

are somewhat clearer. In the United States, affective polarization has grown

3 Switzerland, the host of the studies in this dissertation, is actually relatively low in polarization

on both issues compared to the other countries analyzed but does appear to be on the higher

end of the increase of left-right polarization by a Gini coefficient. These comparisons are not

statistically tested.
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(Iyengar et al., 2019). Similarly, across nine of eleven European countries4 by

Reiljan (2020) there are increases in mass affective polarization between party

adherents over an 8-year period, and is relatively high in an analysis of mul-

tiparty affective polarization across various nations (Wagner, 2021). In some

single important issues, such as the United Kingdom’s secession from the

European Union (Brexit), substantial affective polarization occurred (Hobolt,

Leeper, & Tilley, 2021), highlighting that the ingroups and outgroups defining

affective polarization are not limited to political party affiliations, similarly to

correlational evidence of issue alignment and individual-level affective polar-

ization (Bougher, 2017). This aside, there is correlational evidence that party

polarization within a country may bring about greater partisan identification

(Lupu, 2015), which may widen gaps between preferences and perceptions for

the ingroup and outgroup.

1.2.2 Political selection and influence

At a population level, individuals are sorted homophilously with regard to

many attributes (McPherson, Smith-Lovin, & Cook, 2001), meaning that our so-

cial connections’ attributes tend to correlate with our own. Political attributes

are not exempt from this relationship, with political similarity correlating with

romantic ties (Klofstad, McDermott, & Hatemi, 2013), online connections (Garimella

& Weber, 2017) and friendships (Kandel, 1978). However, while we might ob-

serve this similarity between individuals, this does not yet explain them. These

similarities can come about by homophilous selection, assimilative influence,

or second-order effects of social context (Shalizi & Thomas, 2011). These pro-

cesses can be hard to disentangle in observational settings5 (Shalizi & Thomas,

2011), but longitudinal data improves our ability to do so.

Why might we select to affiliate on the basis of similarity? One core ar-

gument comes from theories of cognitive dissonance and balance (Festinger,

1957; Heider, 1946). Cognitive dissonance theory essentially argues that peo-

ple strive for consistency; incongruent relations between an individual and the

objects of the relations would cause stress and discomfort. To relieve these, one
4 Switzerland is only measured at one time point so change cannot be established.
5 Or even impossible outside of an experiment, depending on the required burden of evidence.
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might change their attitude towards one of the objects. Extending this to a net-

work formulation, we can imagine a pair of two individuals between whom a

tie could appear, and their attitudes as a tie they hold towards some political

issue. As theorized by Heider (1946) and extended by Newcomb (1961) , imag-

ining some object k (such as a political issue) to which an individual i holds a

positive attitude, and a friendship towards another individual j, while j holds a

negative attitude towards k, might lead individual i to reconsider their friend-

ship with j. Alternatively, when choosing between two individuals of which

one holds a positive and one a negative attitude towards k, i might be more

inclined to choose the individual who holds the attitude consistent with their

own6.

Furthermore, in the case of voluntary, affective relationships, other moti-

vations may hold beyond a desire for one’s own consistency. Huston and

Levinger (1978, p.125) argue that amongst other factors related to behaviour

and physical attractiveness, impressions of cognitive compatibility are of im-

portance. In considering attitudinal similarity, it is summarized that similarity

is ‘directly reinforcing as in classical conditioning’, i.e. one receives positive

feedback when expressing similarity, it ‘help[s] confirm one’s own feeling of

rightness or goodness, and that the other is also good’, and ‘gives promise of

future liking and favorableness [sic] toward us’, which via reciprocity might

also induce one’s own liking of the other.

What does the empirical evidence have to say about homophilous social

selection on political attributes? I found relatively few studies attempting to

directly answer this question. Signs of homophilous selection appear in e.g.

dating app messaging preferences (Huber & Malhotra, 2016), but amongst stu-

dents of public policy, where one might assume higher salience of political

attributes, no such effect is found on socializing and co-working ties (Lazer

et al., 2010), nor were selection effects found in political ideology and phone-

based contact amongst two cohorts of undergraduate students (Wang, Lizardo,

& Hachen, 2020). Adolescents have, however, been suggested to select their

6 Or, in the case of two issues, one might hold a negative attitude towards the first if they

perceive that it is negatively related to the second, to which the individual holds a negative

attitude, for instance, because another individual with whom they agree on the second issue

also holds a negative attitude towards the first.
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friends in part on political orientations (Kandel, 1978). Partisans select their

political discussants on the basis of shared partisanship (Bello & Rolfe, 2014;

Huckfeldt & Sprague, 1995). Notably, all studies except Bello and Rolfe (2014)

are based in the United States.

Why does influence occur on our (political) attitudes? As mentioned in the

Concepts section, on political attitudes primarily informative influence would

occur in affecting private beliefs. Hearing a convincing argument on the con-

sequences of a policy, an argument on the values to which it effectively cor-

responds, or simply hearing what the other’s position is may all affect one’s

belief.

Downs’ economic theory of democracy (1957) argues that gathering and con-

sidering all information on complex political topics is cognitively expensive,

and the shortcut of gathering the opinions of other individuals of a similar

alignment would be a heuristic shortcut. Lau and Redlawsk (2001) review the

various heuristics that may be applied to voters’ decision-making, highlighting

the role of observation of pre-existing ideologies. Cultural and political sociol-

ogists similarly emphasize the role of such heuristics in understanding which

sets of attitudes or behaviours go together (DellaPosta, Shi, & Macy, 2015;

Goldberg & Stein, 2018), with DellaPosta, Shi, and Macy (2015) and Converse

(1964) highlighting that these associations need not always be beliefs or be-

haviours internally consistent with a political ideology. How one is influenced

is also likely dependent on motivational factors; tendencies towards maintain-

ing a positive ingroup status and confirming existing beliefs may affect how

one processes political information (Jost, Baldassarri, & Druckman, 2022).

Individuals frequently receive their information through intermediaries, as

found by Katz and Lazarsfeld (1955) and Lazarsfeld, Berelson, and Gaudet

(1944). In these early studies, it was found that many individuals constructed

their attitudes in part by political information received in a two-step flow; they

did not consume political media themselves but received the messaging via

personal contacts in the ‘primary group’, such as friends who had consumed

these media. One’s alters may directly affect behaviour, such as voting, through

their effects on attitudes towards political issues in question. Most directly, an

attitude about a given policy issue will affect whether one would vote in favour
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of or against the policy. However, more complicated effects on an individual’s

behaviour may also occur. Voting, as an essential tool of democracy, may ad-

ditionally be affected in other ways such as by making one uncertain about

one’s choice rather than directly changing one’s attitude, potentially reducing

the propensity to vote (Bello, 2012; Mutz, 2002; Nir, 2011; Pattie & Johnston,

2009).

In examining political influence, various studies have found links to alters’

attributes, typically taking an assimilative view of influence. Amongst the

simplest conceptualizations, Lazer et al. (2010) demonstrated a difference in

college students’ self-identification on a liberal-conservative scale which de-

pended on one’s social ties, finding no homophily on this network, nor any ef-

fect of work-based rather than social ties. This aligns with work on two US col-

lege cohorts which found that roommates had a modest effect on self-reported

ideology on a scale ranging from far left to far right (Strother et al., 2020). In a

French sample of incoming political science students, Algan et al. (2020) sim-

ilarly finds that friendship leads to more similar left-right identification. Lev-

itan and Visser (2009), used two studies, one based on college dormitories as

a network boundary, and one based on ego networks, and found that less atti-

tudinal congruence in one’s ego network predicted a greater likelihood of per-

suadability and attitude change on affirmative action and George Bush’s presi-

dency. Campos, Hargreaves Heap, and Leite Lopez de Leon (2017), on the other

hand, used a classroom-based (rather than tie-based) design and found no ef-

fect of Brazilian university students’ peers’ political identification, but found

that peers’ political engagement resulted in more centrist self-identification.

Wang, Lizardo, and Hachen (2020) found no evidence of influence on partisan

or ideological variables in college students, in two cohorts. Bello and Rolfe

(2014) and Huckfeldt and Sprague (1995) found that discussants influenced

one another in their vote choices. Bello and Rolfe (2014) note that this effect is

apparent particularly if partisanship is weak (and note also that a deselecting

effect of discussion occurs for stronger partisans with disagreeing discussants).

In a study of political attitudes on multiple political issues, namely racial inte-

gration, marijuana legalization, and foreign policy towards China, Tedin (1980)

conducted research amongst adolescents in the United States. He found some
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evidence of assimilative peer influence net of parental influence, particularly

on marijuana legalization. Here, the salience and peer versus parental orienta-

tions of the individuals were found to be moderating effects.

Both for theoretical reason and empirical precedent, influence on attitudes

in observational contexts is an interesting research avenue. While the handful

of dependent variables used in these studies is of interest due to their poten-

tial impact, more concrete behaviour that has the potential to impact society

more directly is of additional interest, revealing at least one consequence of

changes in attitudes brought about by one’s conversation partners. Primar-

ily elections have been studied. Here, too, assimilative effects are commonly

found, as comprehensively summarized in Rolfe and Chan (2017) and Santoro

and Beck (2016). When examining such person-to-person effects on voting, a

distinction should be made between turnout (i.e. choosing to vote) and the

choice ultimately made by a voter. In terms of turnout, political discussion

may have an effect via increasing information about how to vote; or increasing

the salience of the vote; or it may have normative effects, increasing or de-

creasing turnout in line with discussants’ planned behaviour (Klofstad, 2007,

2015; McClurg, 2003, 2006). Exposure to disagreement had previously been

suggested to either decrease (Mutz, 2002) or increase (Huckfeldt & Mendez,

2008) turnout, but a recent meta-analysis suggested an overall null effect when

examining a linear relationship between disagreement in one’s network and

turnout (Matthes et al., 2019). However, being fully isolated in one’s opinion

may yet suppress turnout (Bello, 2012; Nir, 2011).

On the other hand, studies of the choice of vote frequently (although not

always) find effects of various peers and discussion partners on individuals’

behaviours. For instance, in the United States, Huckfeldt and Sprague (1995,

p. 140) find assimilative effects of discussant votes in the 1984 election. In

Brazil, Baker, Ames, and Renno (2006) found frequent disagreeing discussion,

which had a powerful influence on vote choices. Schmitt-Beck (2004) exam-

ined data from East and West Germany, Spain, the United Kingdom, and the

United States at a single time point, generally finding assimilative effects of

discussants’ political preferences. Interestingly, in multiparty systems it has

been suggested that a complete change of intended election vote is unlikely,
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but that there is essentially a segment of possible parties which would be ac-

ceptable to vote for (or one party for which one strictly does not want to vote),

and discussants may help to sway their choice amongst them (Zuckerman &

Kroh, 2006). Examining sets of issues, where subtler differences may make the

difference in choosing one party over another in a more complicated system,

may yield new insights into these smaller yet consequential attitude changes

amongst the mass publics.

Political attitudes and behaviours are clearly embedded in social networks,

and to understand them we, therefore, need methods that reflect this and ap-

propriately account for it.

1.2.3 From selection and influence to polarization

What are the macro-level outcomes of the interpersonal processes of selection

and influence? Potentially, they can lead to polarization.

Sociologists and computational social scientists examining culture have con-

sidered effects of micro-level processes of interpersonal interactions on pro-

ducing macro-level outcomes (Baldassarri & Bearman, 2007; DellaPosta, Shi, &

Macy, 2015; Flache et al., 2017; Goldberg & Stein, 2018)7, frequently taking a

multiattribute approach.

Users of agent-based models, a social simulation technique assuming au-

tonomous yet interdependent agents who follow simple adaptive rules (Macy

& Willer, 2002), have also approached issues relating to opinion dynamics

amongst individuals. An advantage of the ABM approach is in its flexibility,

allowing the user to specify various functional forms and complexities of an in-

fluence process. Nonetheless, results are relatively uncomplicated: Modelling

opinion interdependence as assimilative social influence flowing through net-

works, consensus is guaranteed in the long run, while including a variant of

repulsive influence (i.e. influence towards disagreeing with one’s alters, typi-

7 Notably, some would consider the size of networks in such studies a meso-level, rather than

macro-level unit of observation (Manzo, 2007) While larger scale networks such as entire coun-

tries might then be more clearly macro-level observations, the conceptual and statistical ap-

proaches taken in these studies should also be appropriate to help understand this higher

level (Stadtfeld & Amati, 2021, p.448-450).
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cally when they are initially too opposed) (bi)polarization is guaranteed, and

under bounded-confidence models (i.e. those with limits on influenceability

between connected individuals dependent on their similarity) clustering may

occur (Flache et al., 2017).

The steps made in these studies help us understand how micro processes

would lead to macro outcomes. However, the relative lack of empiricism in

such studies limits their ability to be certain of their conclusions, and for this

reason, scholars in the field have called for better anchoring of ABMs to empir-

ical data (e.g. Flache et al., 2017; Mäs, 2019; Sobkowicz, 2009). Various studies

are building towards tests of mechanisms and outcomes (see e.g. Chu et al.,

2021; Takács, Flache, & Mäs, 2016, for exemplary cases of validation of an out-

come and mechanistic (calibration) testing, respectively). Several key problems

are common, though not omnipresent, and should be highlighted: absolute no-

tions of time are ignored, relying instead on model time, giving us little under-

standing of how quickly we may reach certain outcomes. The exact ties consti-

tuting the stylized networks are often not made explicit, making tests of the

hypothetical model outcomes hard to verify. Additionally, agent-based models

typically do not assume dynamic networks, instead opting for highly stylized

and static networks (but see Baldassarri & Bearman, 2007, for a counterexam-

ple featuring networks with a specified tie (discussion) and dynamic changes)

such as grids and other regular lattices, or networks generated from simple

mechanistic models such as preferential attachment (Albert & Barabási, 2002;

Price, 1976) or small-world graphs (Watts & Strogatz, 1998). This firstly ignores

reciprocal effects between attitudes and ties, and secondly does not consider

other endogenous features that may be present in real-world networks. These

could affect both the speed at which an outcome is reached, and its features.

1.2.4 Remaining gaps

While research thus far has been extremely useful in understanding the links

between social ties and political attitudes, they leave gaps to be filled. These

gaps cover both conceptual as well as methodological issues.
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Firstly, single issues and partisan-related variables, such as preferences for

affirmative action, voting, or partisan affiliations, are typically considered in

isolation in studies of selection and influence (Lazer et al., 2010; Levitan &

Visser, 2009). The consequences for multiple issues simultaneously examined

are less well known outside of simulation models (such as DellaPosta, Shi,

& Macy, 2015; Flache et al., 2017; Goldberg & Stein, 2018). These have the

potential to reinforce any societal clefts where they may be forming (Bougher,

2017; DellaPosta, Shi, & Macy, 2015); the aggregated effects of small issues may

be of similar effect to these more obvious issues. This focus on single-issue

bipolarity is likely in part due to the focus on the United States, with its two-

party system which facilitates bipolarization over other types of fragmentation

(e.g. Reiljan, 2020; Wagner, 2021), and in part due to the focus of studies on

specific voting behaviour. Particularly in the more complex political systems

common throughout the rest of the world, examining a multitude of issues

and their social dependencies simultaneously could yield further insights into

how we come to shape our beliefs and networks.

Secondly, the issues considered are often selected on their extreme salience

and contentiousness – topics such as same-sex marriage, abortion, and gun

control in the United States (DiMaggio, Evans, & Bryson, 1996; Shi, 2016), or

the United Kingdom’s secession from the European Union (Hobolt, Leeper, &

Tilley, 2021). Such issues and foci of behaviour are good and obvious candi-

dates to examine, as these are perhaps the most likely grounds on which so-

cial influence, selection and polarization may take place. However, to an extent

this is selecting on the dependent variable – focusing on variables known to at-

tract much interest and be subject to more frequent discussion likely results in

greater measured polarization (Baldassarri & Bearman, 2007). More research is

needed in less obvious ways in which influence and selection take place on less

salient issues, potentially creating subtler grounds which nonetheless result in

distinct ideological profiles constituent of polarization (Baldassarri & Gelman,

2008; DellaPosta, Shi, & Macy, 2015; Goldberg & Stein, 2018; Kozlowski & Mur-

phy, 2021; Parker, Parker, & McCann, 2008).

The third and fourth limitations in many of the empirical studies concern

methodology. Thirdly, few studies contain both ego and alter reports of opin-
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ions or behaviour. For instance, a single item asking individuals about per-

ceived disagreement may be used (Pattie & Johnston, 2009), which can reflect

perceptions about the network, but is not getting at the ground truth of an in-

dividuals’ attitudinal environment. Asking egos about alters’ individual opin-

ions or partisanship, as is done in a number of studies (Bello, 2012; Eveland Jr

& Hively, 2009; Morey, Eveland, & Hutchens, 2012; Nir, 2011; Rawlings, 2022),

may draw closer to getting at the nominal aim of social influence and selection

studies. However, both methods generate results likely to be biased towards

homogeneity of opinions between individuals studied due to tendencies to

both misrepresent and misperceive our political attitudes (Cowan & Baldas-

sarri, 2018; Goel, Mason, & Watts, 2010; Huckfeldt & Sprague, 1987, 1995; Kitts,

2003; Laumann, 1969). In this way, it is hard to estimate network influence ef-

fects in the long term. Repeated measurement of both ego’s and alter’s opin-

ions, as well as their local networks, permits better inference about changes in

both opinions and ties, and the causes of each. Overall, however, relatively few

datasets exist appropriate for these purposes (Rawlings, 2020).

Fourth, few studies are able to convincingly disentangle selection from in-

fluence due to the fact that these processes can produce outcomes which are

similar, if not identical (Shalizi & Thomas, 2011). To disentangle them in obser-

vational settings requires longitudinal data on networks and attitudes which

are unsurprisingly often not available, given the difficulty with which they are

collected (Jussim & Osgood, 1989; Robins, 2015).

A fifth and final limitation of connecting studies looking at micro-level in-

fluence and selection, and macro-level outcomes via agent-based models, is

that while they note their own relevance to the other topic, they typically do

not bridge to one another directly via demonstration of either the plausibil-

ity of their processes in the case of simulation models, or the outcomes in

the case of studies of selection and influence. Extending extant empirically-

grounded models can help us to understand the macro-level consequences of

the assumed micro-level processes in a more rigorous way.
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1.2.5 Network endogeneity

Many factors may affect the emergence and change of one-mode and two-

mode networks. Subject to various confounding variables as in any observa-

tional data analysis, social ties in particular also have the interesting property

of being inherently self-dependent: ties between individuals depend on other

ties occurring at the same time. Methods applied to understand the link be-

tween social network ties and political attributes must reflect this.

In social networks, there are at least three important endogenous structural

features that consistently appear (e.g. Snijders & Steglich, 2015, p. 228; Stadt-

feld & Amati, 2021, p.434-435; Stadtfeld, Vörös & Takács, 2020, p. 130). Firstly, a

tendency towards reciprocity: if individual a nominates individual b as a friend

or political discussant, then it may be expected that b also nominates a with

a higher probability. , while for a political discussant an occurring event of

political discussion may be remembered by both a and b. Secondly, a tendency

towards transitivity: if a is friends with both b and c, then b and c are also

more likely to be friends. This could be for various reasons; either due to un-

observed variables causing ties simultaneously such as exposure to a shared

environment such as cohabitation or homophilous but unconsidered features

working in the network, or the effect could flow more directly between ties, for

instance, that a introduces b to c. Thirdly, degree-related effects may occur: for

instance, if a is nominated as a friend by both b and c, individual d is also more

likely to nominate a. a might be a particularly likable person, or the fact that

many others act friendly towards them might provide some information on

social status (but see Vörös, Block, & Boda, 2019, for the limits of interpreting

degree-related effects). As illustrated in the examples, some of these are mech-

anisms that more or less directly imply endogenous causes of ties in a network

(structures causing ties), whereas some are structures that are more likely to

occur due to variables outside of the dyadic interrelations (non-endogenous

variables causing ties and thereby structure).

Where political attributes reciprocally affect ties, then, we should model the

ties’ interdependence. Why? Firstly, to improve our inferences about effects of

particular interest: assuming dependence may affect the estimates of processes

such as selection and influence (e.g. Krackhardt, 1988; Steglich, Snijders, &
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Pearson, 2010). Secondly, these network-endogenous effects can moderate the

consequences of selection and influence, potentially changing the inferences

for a given model in the long run. Making these inferences more realistic over

longer simulation periods is key in making the micro-macro linkage, extrapo-

lating from a micro model.

Consider the example in Figure 1.3. Three individuals are connected in a

two-path, i.e. at time 1 a and b are connected, b and c are connected, but a and c

are not. a and b have a shared positive attitude about policy item I. Assume that

individuals adopt the attitudes of their alters, and that transitivity operates in

the process depicted in the lower half of the figure, but not in the upper half.

At time 2, c has adopted b’s attitude towards I, but also adjusted their own

attitude about II. If the endogenous mechanism of transitivity is assumed, a

and c will also be directly interpersonally connected by time 2. By time 3, in

the network model with transitivity both b and a will have directly adopted c’s

attitude, while without transitivity, first b must have adopted c’s new attitude

about II before a can adopt it too, slowing down the process of homogenizing

in this cluster.
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Where we can assume that the endogeneity of ties is irrelevant to the direct

outcome of interest, for instance due to their stability over the period of in-

terest, we should apply methods that control for them including permutation-

based tests such as the Quadratic Assignment Procedure (Dekker, Krackhardt,

& Snijders, 2007; Krackhardt, 1988).

1.3 empirical context

All chapters of this dissertation incorporate data from the Swiss StudentLife

Study (Vörös et al., 2021). This panel-based, whole network study followed

three cohorts of students at the same technical higher education institution

over the course of their entire three-year bachelor’s degree, starting in the

first week of studying. Multimodal data collection techniques were applied,

including the use of surveys, to understand both how the students’ multiplex

social networks developed within the bounds of their cohort, as well as the

consequences of these networks for their well-being and academic outcomes.

Data on political attitudes and voting behaviours were repeatedly collected

for each of the three cohorts, though not all items were asked at all waves.

Chapters in this dissertation use data from long-format surveys administered

approximately every three months. Chapter 2 uses data from cohorts 2 and 3

during their first year. Chapter 3 uses data from cohort 2 from this same time

period. Chapter 4 uses data from all three cohorts, at varying time periods

where direct democratic referendums occurred in Switzerland.

1.4 chapter overview

In this dissertation, a localized community is examined to see how these of-

fline social networks influence political attitudes and vice versa, exploring the

plausibility and extent of simple mechanisms at this scale in effecting soci-

etal outcomes. In doing so a view is taken of social networks as dynamic

systems featuring endogeneity: ties between individuals are nonindependent.
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The methods applied reflect this point of view and leverage and/or them in

judging their outcomes. Sets of political issues are examined and generalized

mechanisms are explored that may affect their relation to one another, and to

the social networks in which they occur in chapters 2 and 3. Short-term effects

that may have a broader societal impact via voting are considered in Chap-

ter 4. Existing methodologies for examining dynamic networks are extended

and applied to purpose-collected data.

1.4.1 Chapter 2

In Chapter 2, polarizing processes and outcomes are examined using the Swiss

StudentLife Study data. In these panel-based data, students’ friendships are

tested for reciprocal influence with their attitudes towards various political

topics, in processes hypothesized to contribute to polarization. A dynamic

two-mode network view is taken of individuals and political issues as nodes,

with the positive and negative attitudes of individuals as ties. This leads to

a formulation of network polarization as a combined measure of multidimen-

sional ideological polarization and relational polarization, the latter of which

is theorized to be a downstream consequence of affective polarization. The

stochastic actor-oriented model is applied here. New effects and goodness-of-

fit statistics are added to the RSiena framework, and a new statistic for network

polarization and its subcomponents is presented, alongside a test of their sig-

nificance given the distribution of attitudes in the network. In this paper, the

construction of new macro-level metrics and the estimation of linked micro-

level processes provide new contributions in bridging micro-macro gaps of

selection and influence, while acknowledging a multidimensional, constraint-

based view of ideological polarization.

1.4.2 Chapter 3

In Chapter 3, the consequences of the findings of Chapter 2 are examined over

a hypothetical two-year period. The stochastic actor-oriented model is applied

as an empirically-calibrated agent-based model for opinion dynamics, and sev-
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eral approaches used in previous work are tested and discussed. Experiments

are conducted with altered parameter sizes to understand the sensitivity of the

network to different strengths of processes implicated in polarization, while ac-

counting for endogenous friendship network effects that potentially alter the

level of polarization in the outcome. In this way, a contribution is made to

the development of agent-based models via the inclusion of explicit time and

ties, dynamic networks of influence, and empirical calibration of micro-level

processes.

1.4.3 Chapter 4

In Chapter 4, a shift is made from attitudes and friendship as the objects of

study towards the relationship between discussion partners, friends and voting

behaviour in direct democratic referenda commonly occurring in Switzerland.

In doing so, a dyadic behaviour which tends to occur within friendships is

zoomed in on, and a behaviour that has the potential to impact society outside

of the community’s boundaries via formal political institutions is examined. In

this chapter, assimilative influence of choosing to vote is tested, and amongst

voters whether the attitudes of one’s alters affect one’s choice of vote. In the

context of Switzerland’s unique direct democratic system, I capture potential

behavioural impacts of social influence across various political topics, using

ego and alter reports both pre- and post-referendum.
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2
C H A P T E R 2 – N E T W O R K P O L A R I Z AT I O N : T H E S T U DY O F
P O L I T I C A L AT T I T U D E S A N D S O C I A L T I E S A S DY N A M I C
M U LT I L E V E L N E T W O R K S

Ideological and relational polarization are two increasingly salient political di-

visions in Western societies. We integrate the study of these phenomena by

describing society as a multilevel network of social ties between people and

their attitudinal ties to political topics. We then define ‘network polarization’:

the extent to which a community is ideologically and socially divided. Us-

ing longitudinal network modelling, we examine whether network polariza-

tion can be explained by three processes: social selection, social influence, and

latent-cause reinforcement. Applied to new longitudinal friendship and politi-

cal attitude network data from two Swiss university cohorts, we find mild po-

larization. The models explain this outcome and suggest friendships and polit-

ical attitudes are reciprocally formed and sustained. (Dis)similar attitudes are

more likely to be formed or maintained between like-minded (oppositionally-

minded) individuals. Applied across other cultural contexts, our approach may

help to understand the degree and mechanisms of divisions in society.

This article is currently in preparation as:

Mepham, K., Vörös, A., & Stadtfeld, C. (TBD). Network polarization: The study

of political attitudes and social ties as dynamic multilevel networks
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Recent research suggests that political polarization is a present and increas-

ing problem globally, fragmenting societies into partisan groups (Bochsler, Ger-

ber, & Zumbach, 2016; Hetherington, 2009; Iyengar, Sood, & Lelkes, 2012; Reil-

jan, 2020). In the US, some authors conclude that this has come to the point of

a ‘culture war’ (as popularized by e.g. Bishop & Cushing, 2008; Hunter, 1991).

Though the terminology is probably hyperbolic (Praet et al., 2021), partisan

groups do appear somewhat incongruous not only in their political views but

also in cultural consumption and general lifestyle (DellaPosta, Shi, & Macy,

2015). This is accompanied by growing antagonism and the social rejection of

political identity-based outgroups in favour of the ingroup (i.e. ingroup bias,

Hewstone, Rubin, & Willis, 2002; Hobolt, Leeper, & Tilley, 2021; Iyengar, Sood,

& Lelkes, 2012; Reiljan, 2020). Combined with increasing inequalities, polariza-

tion threatens to amplify social divisions and lead to large-scale conflicts and

disarray in society.

Currently, there is a lack of consensus in the scientific community about

the extents, causes, and conceptualizations of divisions in different societies.

Dominant perspectives in political science, social psychology, and sociology

emphasize ideological polarization (e.g., Abramowitz & Saunders, 2008; Fio-

rina & Abrams, 2008; Hetherington, 2009) and various facets of (intergroup)

relational preferences (e.g. Conover et al., 2011; Iyengar et al., 2019; Iyengar,

Sood, & Lelkes, 2012; Reiljan, 2020) as key aspects of political division. Recent

studies point out that ideological and social processes may work in conjunc-

tion to amplify initial differences between people, extending political divides

to the realms of cultural and social life (DellaPosta, Shi, & Macy, 2015). How-

ever, an integrative approach to the study of these two processes is missing to

date.

We propose a joint examination of ideological polarization and relational

segregation, by conceptualizing societies, and smaller communities within them,

as multilevel networks1. In these networks, people may be connected to each

other by social ties, such as friendships. At the same time, people are also

linked to various political topics by attitude ties, such as supporting or oppos-

1 Other notable network-based approaches for understanding attitudes (e.g. Boutyline & Vaisey,

2017; Dalege et al., 2016) focus primarily on the within-person interrelations of attitudes, where

we focus on the social structuring of these connections.



network polarization 31

ing certain issues. While we focus on political topics, the concept of attitudinal

ties can be naturally extended to other social objects to represent cultural con-

sumption and lifestyle choices.

The multilevel network approach enables us to understand the extent and

causes of social divisions. First, we define and quantify ‘network polarization’,

which captures the extent to which the network of a community is character-

ized by ideological and relational polarization. A metric is proposed that is

based on weighted counts of triads and four-cycle in the multilevel network.

Second, by further developing existing statistical models for dynamic multi-

level networks, we explore the role of three network processes, social selection,

social influence, and latent-cause reinforcement, in creating and maintaining

ideological and social divides.

We apply these techniques to a unique longitudinal network dataset of two

Swiss undergraduate student cohorts. We measured friendship and positive

and negative political attitude networks of students in these cohorts over three

years. We calculate the network polarization metric and assess how well it is

reproduced by an empirically-calibrated stochastic actor-oriented model that

considers the co-evolution of friendships and attitudes.

theory and research questions

Two perspectives on polarization

Polarization is a frequently discussed topic in the popular debate about grow-

ing divisions in Western societies. What polarization means is often left unclear

in the public realm. Academic works have offered more clarity, but they use a

variety of concepts and measures. Dominant perspectives focus on either the

ideological or the social facets of polarization. Below, we summarize the main

concepts and empirical findings linked to these two key approaches. We ar-

gue that ideological and social aspects should both be part of a generalized

definition of polarization.
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The first perspective on polarization we describe here focuses on political

ideology. In this approach, a community is considered polarized if its mem-

bers have divergent political attitudes and opinions. Studies differ in how they

conceptualize and measure ‘attitudes’ and ‘divergence’. In examining single

political issues, the variance and kurtosis of the distribution of people’s atti-

tudes have been used as key indicators of polarization. By such metrics, West-

ern societies appear polarized by only a few key issues, such as the US public

on the issue of legalizing abortion (DiMaggio, Evans, & Bryson, 1996).

Other researchers have considered multiple political issues simultaneously.

Here, an increase in correlations between people’s attitudes towards different

issues has been considered as the indicator of polarization (Abramowitz &

Saunders, 2008; Baldassarri & Gelman, 2008). This is sometimes described as

the level of ‘alignment’ or ‘constraint’ (Converse, 1964; DiMaggio, Evans, &

Bryson, 1996). Empirical evidence for polarization as political attitude align-

ment is controversial. To our knowledge, it has only been examined in recent

years in the United States using General Social Survey and American National

Election Survey (ANES) data. Although earlier results suggested that the align-

ment between political attitudes had not increased in the previous decades

(Baldassarri & Gelman, 2008; Fiorina & Abrams, 2008), research extending

these analyses to include more recent data from the ANES find a rapid rise

in correlations between various political attitudes within multiple domains

(Kozlowski & Murphy, 2021).

The second main perspective on polarization focuses on interpersonal rela-

tions. Relational polarization is defined here as the clustering of social ties so

that people preferentially associate with their political ingroups. A measure of

this form of polarization has been proposed in the area of computational social

science: the extent to which individuals are socially tied within and between

their respective political groups (Conover et al., 2011), or within and between

sets of individuals sharing an attitude towards an issue (Guerra et al., 2013).

The central assumption of such operationalizations of polarization is that the

pattern of social ties should reflect underlying opinion similarity.

Iyengar et al. (2019) and Iyengar, Sood, and Lelkes (2012) explore the psy-

chological roots of affective polarization through the study of changes in affect
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towards the perceived political in- and outgroup. They find increasing dif-

ferences in warmth of feelings, willingness to attribute positive and negative

traits, and social distance between political in- and outgroups in the US. Sim-

ilar patterns have been found between partisans in Europe (Gidron, Adams,

& Horne, 2020; Reiljan, 2020), and groups opposed on single issues such as

Brexit (Hobolt, Leeper, & Tilley, 2021). Studying affect offers insight into how

much people from different political factions may be willing to constructively

interact.

For this reason, we consider relational polarization as a behavioural outcome

of affective processes. We also argue that it is closely linked to political atti-

tudes and self-identification. In our view, social ties often capture the affective

dimension of polarization. Individuals’ opinions of one another are impacted

by (perceived) similarities in political attitudes and identity. This, in turn, has

consequences for their affect towards one another, partially determining their

social ties.

We argue that both the ideological and relational perspectives presented cap-

ture important aspects of the polarization of society. Ideological polarization

– the alignment, or constraint, of political attitudes – indicates the absence of

a common ground for consensus between individuals. Relational polarization

– the occurrence of social ties between individuals with aligned political atti-

tudes and the absence of ties between those with opposed attitudes – reflects

the absence of opportunities for finding or creating such common ground be-

tween people of different political views. We believe that the extent and causes

of social divisions can only be fully understood by taking into account both

aspects. We propose an approach rooted in social network analysis to integrate

the two strands of research on polarization.

Political attitudes and social ties as a multilevel network

We propose an integrative framework for the joint study of ideological and

relational polarization as a multilevel social network. In the social network

literature, multilevel networks are graphs in which multiple types of nodes

(e.g. people, topics) are connected by multiple types of edges (e.g. social ties,
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attitudes). The study of multilevel networks has been receiving increasing at-

tention within the area of social networks. They can now be analyzed by a

large number of theoretical and statistical tools (Lazega & Snijders, 2015).

In the present context, political attitudes and social ties are represented as

a multilevel network. The nodes of the network are people, on the one hand,

who are connected to each other by social ties, specifically friendships. On the

other hand, political issues form the second set of nodes. People are linked to

issues by positive or negative attitudes towards the issue at hand, or have no tie

when their opinion is in the neutral range. Representing actor-issue attributes

as a two-mode network allows for the modelling and representation of sets of

opinions and their changes in one coherent network model, rather than treat-

ing single issues separately. Figure 2.1 presents a hypothetical ideologically

and relationally polarized network of four individuals (circles), their friend-

ships (black arrows), and attitudes (darker red and light green arrows) to two

issues (squares). Polarization is evident from the fact that socially connected

individuals consistently agree while unconnected individuals consistently dis-

agree in their attitudes.

Individual

Policy statement

Friendship

Negative attitude

Positive attitude

Figure 2.1: An illustrative multilevel network of individuals and attitudes. This styl-

ized network is maximally polarized relationally and ideologically: people are only

friends with others with whom they agree, and if they agree on a randomly selected

issue, then it is guaranteed that they agree on others.



network polarization 35

Our choice to focus on friendships as social ties is motivated by an exten-

sive literature demonstrating their often reciprocal relationship with a vari-

ety of individual outcomes, such as cultural tastes (Lewis & Kaufman, 2018;

Lizardo, 2006; Lomi & Stadtfeld, 2014), mental health (Schaefer, Kornienko,

& Fox, 2011), physical health (Salvy et al., 2012) and delinquent behaviours

(Brechwald & Prinstein, 2011). We note that the empirical content of our ap-

proach using social and attitude ties can be flexibly chosen, and thus can be

generalized beyond friendships and political attitudes.

Our novel conceptualization and network approach allow us to contribute

to the literature on political polarization in two ways. First, we can define

and measure the extent of both the ideological and social aspects of the phe-

nomenon in a given community. Second, we can test hypotheses about gener-

ative network processes that explain the observed levels of polarization – that

is, we can study how communities become polarized.

Individual

Policy statement

Friendship

Negative attitude

Positive attitude

Figure 2.2: Multilevel network of individuals and attitudes at Wave 5, in Cohort 1.

Layout by backbone algorithm (Nocaj, Ortmann, & Brandes, 2015). Arrowheads repre-

senting tie direction omitted for clarity.
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Network polarization

In this paper, we introduce the term network polarization, which expresses how

much the multilevel network of political attitudes and friendships described

above is polarized. Network polarization has two dimensions. Firstly, the ex-

tent to which pairs of individuals consistently agree or disagree in their atti-

tudes, in the sense of ‘constraint’ or ‘alignment’ (Baldassarri & Gelman, 2008;

Converse, 1964). Secondly, the extent to which friendship relations are present

between agreeing, but not disagreeing, individuals, i.e. a clustering of balanced

triads of people and attitudes (Cartwright & Harary, 1956; Heider, 1946). The

former represents the extent of ideological polarization, the latter the extent of

relational polarization in the network.

We define two metrics to measure the dimensions of network polarization in

empirical data. These metrics are based on assessing the frequencies of specific

structural configurations in the network: certain four-cycles (two people and

two issues connected by specific patterns of attitudes) and certain triads (two

people and an issue connected by specific patterns of friendship and attitudes).

See Appendix A.1 for graphical depictions of the considered configurations.

The four-cycle structures in the network relate to the degree to which the net-

work is ideologically polarized, and the triad structures to the degree to which

it is relationally polarized. The exact mathematical definitions of the statistics

are presented in Appendix A.2 and relate to what is known as a subgraph cen-

sus in the social networks literature (Wasserman & Faust, 1994). The symbolic

representations of the mathematical definitions are given in Table 2.1.
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Table 2.1: Icons used in formalizing network polarization

Icon Description

A Agreeing four-cycles: two individuals share an opinion on a pair

of political issues, either in favor of or in opposition to a given

statement.

D Disagreeing four-cycles: two individuals have opposed opinions

on a pair of political issues, with one individual having a positive

and one individual a negative opinion on each issue.

I Inconsistent four-cycles: two individuals share an opinion on one

issue, and have opposed opinions on another.

A Agreeing opinion closed triads: Two individuals both oppose or

both support a given issue and are friends.

A Agreeing opinion open triads: Two individuals both oppose or

both support a given issue, but are not friends.

D Disagreeing opinion closed triads: Two individuals have opposed

opinions on an issue, but are friends.

D Disagreeing opinion closed triads: Two individuals have opposed

opinions on an issue, and are not friends.

Ideological polarization. The metric of ideological polarization has two com-

ponents, each based on unordered sets of complete four-cycles (see Table 2.1).

The first two structures, A and D may be seen as indicators for consistency of

agreement, or ideological attraction, and consistency of disagreement, or ide-

ological repulsion. A represents the case where two people are in agreement

across two issues: both of them support or oppose both issues or they both

support one issue and oppose the other. In D , the two individuals disagree

on both issues: if one of them supports either, the other opposes it. The third

structure, I refers to inconsistency in agreement: the two individuals have the

same attitude regarding one issue but not on the other.

The first component of ideological polarization is thus ideological attraction.

This is defined as the proportion of cases where two people consistently agree
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on two issues rather than having views that are inconsistent with ideological

polarization (measured by inconsistent four-cycles I ):

Ideological attraction =
# A

# A + # I
. (2.1)

The second component of ideological polarization is ideological repulsion. This

is similarly defined as the proportion of cases where two people consistently

disagree on two issues rather than having inconsistent views on those issues:

Ideological repulsion =
# D

# D + # I
. (2.2)

The two components can be interpreted as analogous to the probability of two

individuals to agree (disagree) on one issue if they agree (disagree) on another.

We consider the mean of the two component metrics to measure the level

of ideological polarization as the probability of observing consistent attitudes

(either disagreeing or agreeing) in pairs of individuals. It is noteworthy at

this point that the baseline probability of two individuals to agree is affected

by various factors, such as the general prevalence of positive and negative

attitudes (the attitude network densities) and the different tendencies of items

to attract positive or negative attitudes (the item degrees). The final measure

proposed corrects for these baseline probabilities.

Relational polarization. The metric of relational polarization also has two com-

ponents that relate to within-group attraction and between-group repulsion.

Both are based on ordered triad counts: each triad is counted twice, once con-

sidering the potential friendship from individual i to individual j and once the

other way round. In the following, we refer to these structures by the remain-

ing symbols given in Table 2.1. The structure A represents agreement among

friends: they both support or oppose an issue. A represents agreement in the

absence of friendship. Together, these can be used to represent the extent to

which people tend to be friends depending on their political agreement. Sim-

ilarly, D stands for disagreement between friends, and D for disagreement

in the absence of friendship. Counting these two structures in the network can

help to understand the extent to which people’s friendships are structured in

a way that avoids encountering disagreement.
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The first component of relational polarization is relational attraction. We de-

fine the corresponding statistic as the ratio of ordered triads in which two

individuals who agree on a given issue are also friends:

Relational attraction =
# A

# A + # A
(2.3)

The second component is relational repulsion. This is defined as the ratio of or-

dered triads in which two individuals who disagree on an issue are not friends:

Relational repulsion =
# D

# D + # D
(2.4)

The two components can be interpreted as the empirical probabilities that

a) i considers j a friend given they agree on an issue and that b) i does not

consider j a friend given they disagree on an issue. The expected value of these

probabilities will be affected by the general prevalence of friendship relations

in the sample (equation 2.3 is expected to equal the friendship network density

if no relational attraction exists).

Network polarization. Finally, we take the arithmetic mean of the two pairs of

attraction and repulsion statistics to define a metric of ideological polarization

and another of relational polarization. The maximum value for each metric is

1, which represents perfect polarization. Their minimum values are zero. In

the extreme case where there is complete consensus on all issues that individ-

uals have a non-neutral attitude about in the network, the maximum value of

the ideological polarization metric is 0.5 (the repulsion statistic would be as-

sumed to be zero as it is mathematically undefined, but the attraction statistic

is 1). Under an empty social network or full social network, the mean of both

relational polarization metrics is 0.5 again, as in the former case the attraction

metric is assumed to be zero, and in the latter case, the repulsion metric is

assumed to be zero. Together, this highlights the relevance of considering both

attraction and repulsion patterns in the formation of ideologically and socially

divided subgroups (Stadtfeld, Takács, & Vörös, 2020).

The two defined metrics place a community at a given point in time in a two-

dimensional space of network polarization. The networks of some communities

may show low levels of ideological and relational polarization; some may be
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high in one of the dimensions but low in the other; others may be highly

polarized in both respects.

Figure 2.3 presents four hypothetical networks of four individuals and two

political issues. The figures are placed in a coordinate system in which the

horizontal axis measures the extent of relational polarization and the vertical

the extent of ideological polarization. It can be seen in the figure that the four

example networks occupy different quadrants in the system.

Due to the above-discussed biases induced by the network densities and

degree distributions, we normalize each structure count in each of the four

metrics by their expected value as described in the methods section. This aids

the interpretation of the metrics: The 0.5 mid-point on each dimension is then

the expected level of ideological/social repulsion/attraction conditioning on

the observed network densities and degree distributions. If friendship were

independent of attitude similarity in a given context (for example, when no

attitude homophily and social influence on attitudes exists) one would expect

the level of relational repulsion and attraction to be 0.5. The level of ideologi-

cal repulsion and attraction, however, could still have a value larger than 0.5,

indicating the presence of ideological polarization.

The metrics defined here may be useful for the comparison of polarization

levels in different communities. Further, the approach is applicable to follow-

ing temporal changes in polarization in a single community2. Beyond that, the

multilevel network representation allows us to explore the social processes that

may explain observed levels of network polarization.

2 It should be considered what this implies over time, however. Conditioning on the degree

distribution means that as density changes (i.e. more non-neutral attitudes are added or some

are dropped), the magnitude of polarization is still relative to the random expectation at that

observation of the network. For instance, we might see the same values of polarization where

people only have attitudes on two issues as a case where people have attitudes on 13 issues,

provided they are organized in a way that produces the same proportions of the different

structures considered in the metrics.
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Figure 2.3: Stylized representation of the two-dimensional space of network polariza-

tion. Upper left represents a maximally relationally polarized, but minimally ideolog-

ically polarized configuration, and lower right represents the opposite. Squares rep-

resent issues, circles represent individuals. Black arrows represent friendships, while

light green and dark red arrows represent positive and negative attitudes, respectively.

Becoming polarized

We have introduced a framework that allows us to study the level of polariza-

tion in society. Our network approach naturally offers a number of potential

social mechanisms that may generate different levels of ideological and rela-

tional polarization, thus moving from the view of polarization as a state, to the

dynamic, process-defined view.

Three general processes have been proposed in the network literature to

explain the sorting of individuals by certain characteristics (such as their at-

titudes): homophilous selection, social influence, and latent similarity or ex-

posure to similar contextual effects (Shalizi & Thomas, 2011). These classes
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of mechanisms may provide plausible explanations for network polarization.

Here we review empirical evidence suggesting that each may be at play in

ideological and relational polarization.

Homophilous selection: the dynamics of social ties

There is evidence in the political domain of homophily, i.e. a tendency to be

connected to politically similar others. Social ties are suggested to be subject to

homophilous selection on political attributes in the offline (e.g. romantic, mar-

riage, informational discussion, and friendship ties, respectively; Alford et al.,

2011; Huber & Malhotra, 2016; Huckfeldt & Sprague, 1987; Kandel, 1978) and

online (primarily researched on Twitter networks, e.g. Boutyline & Willer, 2017;

Colleoni, Rozza, & Arvidsson, 2014; Conover et al., 2011) realms, although of-

fline analysis does not always support this proposition (for null findings on of-

fline political selection, see Lazer et al., 2010; Wang, Lizardo, & Hachen, 2020).

Furthermore, some studies suggest that individuals are not exposed to the op-

posing opinions of their social connections (Cowan & Baldassarri, 2018; Goel,

Mason, & Watts, 2010; Kitts, 2003), which would reduce their ability to avoid

social ties with disagreeing others.

Generically, however, people tend to be connected to similar others (McPher-

son, Smith-Lovin, & Cook, 2001). In a review of primarily social psychological

literature, Huston and Levinger (1978) suggest that interpersonal attraction,

leading to ties such as friendship, may be related to attitudinal similarity for

several reasons. Two of these are relevant to the matter at hand: “Another’s

similarity may help confirm one’s own feeling of rightness or goodness and

indicate that the other is also good ... Another’s similarity also gives promise

of [their] future liking and favorableness toward us, and it can be argued that

such inferences are responsible for its impact on our liking of [them]" (Huston

& Levinger, 1978, p.125). In sum, both empirical and theoretical support is lent

to the notion that (political) attitudinal similarity may be important for the

structuring of one’s social ties.
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Social influence: the dynamics of political attitudes

While homophilous selection might explain similarity between connected in-

dividuals, another causal phenomenon examined more closely in the political

and cultural domains is (assimilative) social influence. Several theories pre-

dict assimilative influence on political attitudes between connected individuals.

The complexities of political issues may inhibit our ability to form consistent

systems of beliefs ourselves (as observed by Converse, 1964) and lead to the

use of actively shared information (Downs, 1957). Individuals may be con-

vinced by arguments given by alters as to why one opinion may be the correct

one to hold (Parker, Parker, & McCann, 2008). Furthermore, adopting similar

opinions to one’s friends may help fulfill relational goals such as a need for

a shared reality or to enjoy smoother interactions with others (Jost, Federico,

& Napier, 2009; Jost, Ledgerwood, & Hardin, 2008). Cognitive balance theory

(Festinger, 1957) would have a similar prediction: the positive affect implied in

friendship together with opposed attitudes may cause psychological discom-

fort; the individual may resolve this by adapting their attitudes to be more

harmonious with those of others. All of the above gives us reason to expect

influence on political attitudes.

There is also empirical support for social influence on political attitudes

stemming from one’s social ties. Experimental evidence of networked commu-

nication of strangers on various issues suggests that individuals have an assim-

ilative influence on one another, albeit not with consistent effects (eg. Friedkin,

1999). Evidence has been found for influence of persistent social ties on college

students’ self-placement on a left-right political spectrum (Lazer et al., 2020;

although Wang, Lizardo & Hachen, 2020 find no such effect) and stability of

their issue attitudes (Levitan & Visser, 2009). Further, the vote choices of citi-

zens have been shown to be affected by the choices of connected others in both

the U.S. (Huckfeldt & Sprague, 1987) and the U.K. (Bello & Rolfe, 2014)3.

Do social influence effects contribute to polarization? Simulation studies sug-

gest so. Much work applying agent-based modelling has examined the the-

oretical macro-level consequences of individual attitudes changing through

3 These empirical studies used a single individual attribute as their dependent variable. Our

approach considers attitudes across multiple issues simultaneously.
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interpersonal mechanisms. Typically, such models are based on theoretically

grounded assumptions about how people influence one another (Flache et al.,

2017), but they less often consider how people connect to one another (Sobkow-

icz, 2009). These models consider various types of influence, often in combina-

tion. Flache et al. (2017) categorize the ideal types into assimilative influence,

by which connected individuals always become similar; similarity-biased in-

fluence, in which connected individuals only become more similar given some

pre-existing similarity; and repulsive influence, in which dissimilarity breeds

further dissimilarity.

In agent-based models of opinion dynamics, equilibria (i.e. stable end states)

of the simulated systems fall into one of three categories: consensus, in which

all individuals agree; bipolarization, where two camps form within which indi-

viduals hold identical attitudes, and between which individuals hold perfectly

opposed attitudes; and clustering, in which multiple camps of densely con-

nected individuals exist with shared attitudes within, but not between camps

(Flache et al., 2017). Which outcome is reached depends on the combination

and strength of the aforementioned styles of influence incorporated in the

model.

An exemplary agent-based model given for cultural polarization-as-clustering

(of which we may consider political polarization a type) explicitly using a net-

work approach is offered by DellaPosta, Shi, and Macy (2015). Inspired by em-

pirical correlations between ideologically unrelated variables, this model takes

a stylized interpersonal network of densely clustered ‘caves’, between which

there are fewer links. Individuals have some set of binary attributes (called

‘tastes’). Similarity between connected individuals increases their chances of

influencing each other’s opposed attitudes (an assumption made based on re-

search into biases in information assimilation; Lord, Ross, & Lepper, 1979) and

thereby makes them more similar. In the long run, this creates clusters within

which there are highly similar individuals, but between which individuals are

almost entirely dissimilar.

Micro-level processes of inter-individual influence thus offer potential expla-

nations for the macro-level outcome of polarization. Nonetheless, while exist-

ing models in the area use a theoretically-grounded static network structure,
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the dynamics of interpersonal networks are typically ignored. These networks,

such as friendship networks, are known to change (Snijders, van de Bunt, &

Steglich, 2010), for example, due to homophilous tie formation as discussed

above. Therefore, we argue that both selection and influence need to be incor-

porated into models to explain network polarization.

Latent-cause reinforcement: individuals, contexts and the unobserved

While we have thus far focused our investigation on interpersonal processes,

we also consider auxiliary hypotheses related to unobserved factors that may

contribute to the reinforcement of similar or opposed attitudes between indi-

viduals, regardless of their (lack of) social connection. Accounting for such

mechanisms would counter confounding in testing hypotheses on similarity

between socially tied individuals, a problem prominently noted by Shalizi and

Thomas (2011). We refer to this process as latent-cause reinforcement, and it

could be explained by at least three possible mechanisms.

First, latent individual variables may cause attitudes on some issues to be

consistently similar or opposed over time. The most prominent of such la-

tent variables is the consumption of ideologically similar media which may

induce attitudes on multiple topics, causing similarity, or in the case of con-

sumption of ideologically opposed media, dissimilarity. The internet has been

prominently considered as a cause of polarization, through new media includ-

ing social networking sites and related phenomena such as filter bubbles and

echo chambers (Pariser, 2011; Sunstein, 2007). Furthermore, increasing polar-

ization of the political elites to whom the mass public may look via such me-

dia for cues (Druckman, Peterson, & Slothuus, 2013) may cause polarization.

If individuals’ sources of information, such as news outlets and other opinion

leaders thus become more polarized, this may lead the public in the same di-

rection. Those being exposed to the same information contexts could become

increasingly similar in their political attitudes over time, without any social re-

lation. Notably, however, some have debated the direct role of echo chambers

and filter bubbles brought about by the internet (Boxell, Gentzkow, & Shapiro,

2017; Guess, 2021), and others have argued that online information may not be
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consequential for attitudes without being channeled through a trusted source

(Weeks & Gil de Zúñiga, 2019), such as friends or family.

Second, unobserved relations between individuals could cause the reinforce-

ment of attitude patterns over time between pairs of individuals. While not

considering one another friends, some pairs of individuals discuss multiple

topics in a classroom context or have mutual friends due to whom they com-

municate on occasion, and thereby may have an assimilative or repulsive influ-

ence on one another’s attitudes.

These two explanations also align with cultural sociological theory suggest-

ing that the cultural meaning, i.e. perceptions of what some behaviour or be-

lief may represent and how sets of behaviours and beliefs fit together (i.e.,

how they co-occur), is affected by repeated observations of their co-occurrence

(Goldberg & Stein, 2018)4. Individuals may learn the associations between atti-

tudes on multiple issues both in the context of media consumption and direct

interpersonal communication, and adjust their own beliefs to these patterns.

Third, the environment in which the empirical study is conducted may in-

duce similarity in some attitudes. For example, in the sample of university

students which we use in this study, many may have recently moved away

from culturally homogeneous neighborhoods into a more heterogeneous city,

similarly affecting their perceptions on issues related to ethnic attitudes. This

could, for example, make their attitudes towards other ethnic groups more

favorable through intergroup contact (Pettigrew, 1998). Some correlational ev-

idence also suggests that commitment to environmental sustainability might

be affected by university attendance (Cotton & Alcock, 2013).

Given these three considerations, we can expect some latent forces which

reinforce similar and dissimilar attitudes to be at play. These should be ac-

counted for in the explanation of observed levels of polarization.

4 Notably, these authors assume fully random selection of other individuals by whom an actor

may be influenced, where actors learn from observation which objects fit together. This bears

some similarity to the modelling of the latent causes given here. A key difference is that

Goldberg and Stein (2018) explicitly intend to avoid social selection and influence processes

and focus on shared understandings. These processes are incorporated in the current work

via endogenously changing friendship networks, where Goldberg and Stein instead focus on

a model of everyday life without deep social ties.
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Research questions and hypotheses

Following the multilevel network approach to polarization described above,

we aim to answer three research questions:

1. What is the extent and trajectory of network polarization in two empiri-

cally observed communities?

2. Do three types of process – social selection, social influence, and latent-

cause reinforcement – affect the evolution of the multilevel networks of

social ties and political attitudes?

3. Do these three types of process explain the observed levels of network

polarization?

To answer the first question, we examine network polarization in our em-

pirical data using the metrics and visual representation introduced above. To

answer the second question, we apply statistical models for dynamic networks

on our dataset to explore the interpersonal and latent processes shaping politi-

cal attitudes and social ties. We answer our third question by examining model

fit: we assess how much our models from question two are able to explain the

observed levels of polarization established in question one.

In answering the second question, we test three hypotheses. First, in line

with the aforementioned theory and evidence suggesting homophilous social

selection occurs on political variables, we hypothesize that:

H1: Social selection

H1a (attraction of attitude similarity): The more individuals agree on political topics,

the more likely they are to be friends over time.

H1b (repulsion of attitude dissimilarity): The more individuals disagree on political topics,

the less likely they are to be friends over time.

In terms of our multilevel network approach, this would be represented as

shown in Figure 2.4 with the correspondingly-marked hypotheses: The proba-

bility of a friendship tie between two individuals is expected to increase with

the number of shared, same-valenced connections to any political issue node
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(H1a), and decrease with the number of shared, opposed valence connections

to any political node (H1b).

Second, in line with research suggesting influence between individuals on

political variables, we hypothesize that

H2: Social influence

H2a (influence of friends): Individuals who are friends

are more likely to share attitudes over time.

H2b (non-opposition to friends): Individuals who are friends

are less likely to have opposed attitudes over time.

In our multilevel network formulation, this is represented as shown in Fig-

ure 2.4 with the correspondingly-marked hypotheses. Here, the probability of

an attitude tie of a given valence is expected to increase with the number of

friends having the same attitude to the political issue node. For H2a, we would

expect individuals sharing a friendship tie to have a higher probability to cre-

ate or maintain an attitude that is the same as that of their friends. For H2b,

we expect a decreased probability of maintaining or forming an attitudinal tie

in opposition to that of their friends.

Third, while we are most interested in direct interpersonal processes in the

network, we recognize that there may be important unobserved and/or con-

textual factors that may lead to the reinforcement of (dis)similarity over time.

We thus formulate the hypothesis that:

H3: Latent-cause reinforcement

H3a (latent-cause convergence): The more similar individuals are in some political attitudes,

the more likely they are to be similar in others.

H3b (latent-cause divergence): The more dissimilar individuals are in some political attitudes,

the more likely they are to be dissimilar in others.

In our multilevel network formulation, this is represented as shown in Fig-

ure 2.4 with the correspondingly-marked hypotheses. Here, the probability of
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an attitude tie of a given valence is expected to increase with the number of

others having the same attitude to the issue and the number of further issues

on which they agree with the focal individual, whose attitude tie is consid-

ered (H3a). In the diverging formulation, the attitudinal tie is expected to be

more likely if more others who have opposite attitudes on different issues have

opposite attitudes on the issue at hand as well (H3b) 5.

Individual

Policy statement

Friendship

Negative attitude

Positive attitude

Dependent tie

H1a

H2a

H3a H3b

H1b

Expected 

parameter 

valence

H2b

Figure 2.4: Depiction of multilevel network hypotheses. H1: Selection. H2: Influence.

H3: Latent-cause reinforcement.

5 It is important to note here that while these structural dynamic hypotheses explicitly refer to

generating the structures depicted, as a consequence of being endogenous they will also gener-

ate other structures relating to network polarization. For instance, a pair of friends who come

to agree on two topics have not only added two triangles to the numerator and denominator

of social attraction (see Formula 2.4), but will also have created at least one agreeing four-cycle,

impacting the level of ideological attraction (see Formula 2.2).
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data

To answer our research questions, we collected longitudinal survey data on

friendships and political attitudes in two student communities in the scope of

the Swiss StudentLife study. The data come from two undergraduate student

cohorts, majoring in two different STEM subjects, at a technical university in

Switzerland. We use data from the first five survey waves of the study (de-

noted W1-W5), which were collected between September 2017, the first week

of the degree program, and May 2018, the end of the first academic year. We

will refer to the two cohorts as Cohort 1 and Cohort 2 from here onward. The

cohorts comprise respectively a total of N1 = 261 and N2 = 660 registered stu-

dents, of whom 72% and 75% participated in any of the five surveys. Response

rates amongst students belonging to the cohorts at the time of each survey

varied between 77% and 60% for Cohort 1, and 76% and 48% for Cohort 2
6.

For demographic details including year of birth, gender proportion, political

orientation, and nationality see Table 2.2.

The surveys were online, and conducted in German using the Qualtrics plat-

form. The data collection plan was examined and approved by the institutional

ethics committee of ETH Zürich. Details of the data collection and ethical con-

siderations are discussed extensively in Vörös et al. (2021). A visualization of

the final observation used in Cohort 1 is presented in Figure 2.2.

6 See Vörös et al. (2021) for an extensive discussion of how missingness was determined. This

is likely a slightly downward-biased estimate of response rates due to the over-inclusion of

individuals in the network.
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Table 2.2: Individual descriptives

Cohort 1 Cohort 2

M SD M SD

Proportion female .34 .13

Proportion Swiss national .88 .90

Birth year 1997 1.96 1997 1.60

W1 political orientation 4.00 2.16 4.58 2.07

W5 political orientation 4.29 2.09 4.76 1.94

Note. Political orientation ranged from 0 to 10, and was

assessed by a standard left-right self-placement scale

adapted from the European Social Survey: “In politics

people sometimes talk of ’left’ and ’right’. Where would

you place yourself on this scale, where 0 means the left

and 10 means the right?" (European Social Survey ERIC,

2020).

Friendship networks

The friendship networks were collected in every survey wave by a hybrid

roster-name generator approach (see e.g. Robins, 2015, chapter 5). Individu-

als were asked the question: “Whom do you consider a friend?”. They could

name up to 20 people in their answers. The names were limited to those of fel-

low students and could be chosen from an auto-completing list that appeared

as participants began to type a name. Each reported name was coded as a

directed tie in the friendship network. The friendship data from each wave is

an adjacency matrix in which an entry ‘1’ represents that a student nominated

one of their peers as a friend; the value ‘0’ means the absence of a friendship

nomination.
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Political attitude networks

The political attitude networks were constructed from answers to a 22-item

battery of political statements asked in every survey wave. We provide a sum-

mary of the topics covered by these statements here and report the full list of

items in Appendix A.3.

The attitude statements were taken from two sources. First, from an online

tool created by the German Federal Agency for Civic Education, which was

designed to give individuals advice on the German political parties best rep-

resenting their views – the Wahl-O-Mat7. We selected a subset of the items

that did not solely apply to the German political system, but were face-valid

issues for much of Western Europe at the time. For example, items covered

whether there should be mandatory child vaccination against contagious dis-

eases, government-regulated cannabis sales, increased state support for social

housing, and expansion of video surveillance in public spaces.

The second source of our attitude statements was the list of upcoming na-

tional referenda in Switzerland, sourced from the Swiss Federal Chancellery8.

The referendum topics at the time of our study included, for instance, whether

mandatory radio and television fees should be replaced by commercial financ-

ing, more bike paths should be added to public roads, and imported foods

should be held to standards set for Swiss-cultivated products.

Each statement taken from these two sources comprised a position that a pol-

icy should attempt to fulfill. Participants indicated their (dis)agreement with

each statement on a 7-point Likert scale: “strongly disagree” (= 1), “disagree”,

“somewhat disagree” through the midpoint, “neither agree nor disagree”, to

“somewhat agree”, “agree” and “strongly agree” (= 7). An additional option

was provided for “no opinion”, which we recoded to the same value as the

midpoint of the scale for the present analysis. In a robustness check, it was

7 Bundeszentrale fur politische Bildung (2017)
8 Referenda on proposed changes to the law and/or constitution, initiated either by popular

groups or the government, are held up to four times to per year. All Swiss citizens resident in

the country are eligible to vote in these referenda (Swiss Federal Chancellery, 2017a, 2017b).
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coded as missing9. Appendix A.4 shows means and standard deviations of

these variables by cohort at the first and last observations.

Based on these items, we defined two two-mode political attitude networks

for each survey wave. In both of these networks, ties connect students to state-

ments depending on their reported (dis)agreement with them in the given

wave, or ties may be absent in case of a neutral opinion. One type of network

represents agreement with the items – we label this as the “positive” attitude

network. The other type represents disagreements and is labelled as the “neg-

ative” attitude network10.

We used the following thresholds to recode the original 7-point attitude

scales to the two binary attitude networks. The three middle options (“some-

what agree”, “neither agree nor disagree”, and “somewhat disagree”) repre-

sented a neutral attitude and were coded as ‘0’ in both networks. The two

outer options on either end of the scale (“agree”, “strongly agree” vs. “dis-

agree”, “strongly disagree”) were treated as a tie and were coded as ‘1’ in the

positive and negative two-mode network, respectively. We checked the robust-

ness of our models by using two alternative thresholds for defining the attitude

networks, one using only the extreme values, one using values adjacent to the

midpoint11. Thus, towards each of the 22 political statements per wave, each

individual could have either a ‘1’ in the positive network and a ‘0’ in the nega-

tive network, a ‘0’ in the positive network and a ‘1’ in the negative network, or

a ‘0’ in both networks.

9 See Appendix A.5. In summary, weaker support is found for H1a in Cohort 1, but stronger

in Cohort 2, than in the main analysis. Consistent support for H3a and H3b is found in both

cohorts.
10 We note that the labels “positive” and “negative” are arbitrary, since statements could have

been phrased either way around. However, this does not affect our analyses, which focus on

network patterns involving a single item and the consistency of patterns across multiple items.

Our key metrics and model terms are invariant to item reversal.
11 Here, we found that the model using values adjacent to the midpoint did not converge to a

stable solution; this is likely due to the minimal change here (i.e., participants’ attitudes tended

to shift within the same side of the scale). See Appendix A.5. H3a and H3b are supported in

both cohorts, while H1a and H2a are supported only in Cohort 1 under the higher-threshold

model.



54 network polarization

Individual background variables

In the dynamic network model, we accounted for the impact of various in-

dividual attributes on the changes in the friendship network. These included

gender, age, and language spoken with one’s family. Further, we used a cate-

gorical variable to represent the four different sub-majors of Cohort 1 (Cohort

2 consisted of a single major). Gender and age were included as they are fun-

damentally important in social networks research (McPherson, Smith-Lovin,

& Cook, 2001, p. 417). In the empirical context, where a variety of languages

were spoken both by Swiss students and those from abroad, language had a

clear potential to help or hinder friendships. Finally, sub-major was included

in our analyses since students in the same sub-major they shared more classes

in Cohort I, which affected their opportunities to become friends12.

methods

Assessing the level of network polarization

The two metrics of network polarization in Formulas 2.1 to 2.4 can be used to

assess the extent of polarization in communities. However, the number of ties

in each network may affect the theoretical maximum level of polarization. For

this reason, we divide each term in each metric by its expectation given the

distribution of ties in the network. We generate an expectation for the ideolog-

ical aspect of polarization by rewiring the attitude network randomly, holding

the in- and outdegrees of all nodes in the positive and negative attitude net-

works constant and leaving missing tie data in place. Similarly, we generate an

12 We asked participants’ left-right political orientation using the German version of a question

from the International Social Survey Programme (International Social Survey Program Re-

search Group, 2016). The question is phrased as follows: "In politics people sometimes talk of

left and right. Where would you place yourself on a scale from 0 to 10 where 0 means the left

and 10 means the right?”. In a robustness analysis, we controlled for similarity on this variable,

which has been suggested to be a causal factor in connected people’s political attitudes (Lazer

et al., 2010) or be a source of tie homophily (Kandel, 1978). The inclusion of the parameter did

not change results substantively.
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expectation for the relational aspect of polarization by permuting the friend-

ship network and recalculating the relevant terms, holding the attitude net-

work constant. We take the average of each formula term from 1000 networks,

generated separately for each observed network and not counting structures

involving missing tie data. This way of normalizing the network polarization

sub-metrics, as discussed in the section explaining network polarization, yields

an expected midpoint on each dimension of 0.5.

The resulting metrics have a range from zero to one, with values above the

midpoint being more polarized, and values below less polarized, than the ex-

pectation. To test whether the observed level of polarization is significantly

different from the midpoint, we compare the observed values of the metrics

to the distribution of random outcomes generated by the procedure above,

thereby generating non-parametric p-values.

Modelling friendship-attitude dynamics

Stochastic actor-oriented models for multilevel networks

We apply stochastic actor-oriented models (SAOMs), which are suited to ex-

amine the co-evolution of the multilevel network (Snijders, Lomi, & Torló,

2013) of friendships between individuals, i.e. a one-mode network, and pos-

itive and negative attitudes from individuals to political statements, i.e. two

two-mode networks. We used the implementation of this model in RSiena (Rip-

ley et al., 2019), version 1.2-16, modified with new structural effects that were

implemented for this article in Appendix A.6. The model was estimated by

the Method of Moments (Snijders, 2001)13. Missing data in all networks were

treated by the default method in RSiena: if available, the last observation is

carried forward, otherwise, the tie is imputed as zero. Notably, these imputed

13 For each model specification, the default algorithm settings were used, until a reasonable level

of convergence was reached (overall maximum t-ratio < .30, parameter-wise maximum t-ratio

< .15). After this, the resulting model was used for a longer single additional phase 2 iteration,

and 5000 phase 3 iterations (Option 1, described in Section 6.4 of the manual, Ripley et al.,

2019) to ensure convergence diagnostics reached the recommended cutoffs of < .25 and < .10

respectively. Furthermore, we treated the attitude networks as disjoint; an individual could

not hold two opposed attitudes on a single topic at the same time.
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(non-)ties are not used directly in the calculation of structural statistics and

therefore standard errors, but are used in the simulations via which the mod-

els are estimated.

The SAOM is a statistical model for tie changes in dynamic networks. It

aims to estimate the change in relative probability of actors’ choice of ties to

create and maintain, given the relevant local network structures specified by

the modeller. It is assumed that the network observation at time Tn transitions

to the network observation at time Tn+1 by a process in which individuals take

turns to update their outgoing ties to other entities (in our case, other individ-

uals and political items) based on the current state of their local network. Thus,

in this model, changes in one network can influence changes made in another

– for example, if individuals Iain (i) and Julia (j) are tied by friendship, and j

notes that many in her friendship network have a negative attitude tie towards

arms exports, she may decide she has a negative attitude tie towards arms ex-

ports, thereby closing many possible triangles of friendship and negative arms

export attitude ties. In a later phase, i, who has a positive attitude tie to arms

trade, may choose to drop his friendship to j or to adopt a neutral attitude

about the issue. Note that, as an example, a positive tendency towards shar-

ing an attitude with friends not only means that individuals are more likely

to gain attitudes in line with their friends’, but are also less likely to change

attitudes that are already consistent with their friends’.

Model specification

In our main model, we include all parameters that are necessary to test our hy-

potheses. In addition, we include standard structural terms for friendship net-

works: reciprocity, a three-parameter specification to capture clustering, outde-

gree popularity, indegree popularity, and outdegree activity to capture mech-

anisms generating degree distributions, as well as effects of gender on send-

ing and receiving ties. Finally, we included terms for homophily on the back-

ground variables (gender, age and language spoken with family). Similarly to

the friendship network, we include terms for indegree popularity on the atti-

tude networks, accounting for the fact that individuals may be more likely to

have stronger attitudes on some topics than others.
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Due to the high level of change in friendships between waves 1 and 2 (wave

1 was collected during the first university week when few friendship relations

had been established, and wave 2 after one month), we estimate the models

for change in the networks from waves 2-5 separately from wave 1-2. As the

negative and positive attitude networks are treated as separate networks, all

hypotheses are represented by duplicate parameters: once for each pairing of

the two attitudinal tie valences. From Figure 2.4, all hypothesized structures

pictured are thus also included with each dark red and each light green tie

swapped for the alternate color. As a concrete example, a friendship is depen-

dent on both a shared positive attitude of some political statement (homophily

from positive opinion), and on a shared negative attitude of another politi-

cal statement (homophily from negative opinion). See Appendix A.7 for two

tables with a graphical depiction of the complete main parameters, and Ap-

pendix A.8 for standard RSiena notation for all parameters.

As the conceptual approach to the model is novel, several effects were newly

implemented in RSiena. The first effect represents the tendency against having

friendships in which disagreement occurs (corresponding to H1b), and the sec-

ond represented the expected tendency against having contrary attitudes to

one’s friends (corresponding to H2b). Furthermore, two effects were imple-

mented to capture the tendency to become less similar to others with whom

one disagrees (corresponding to H3b). These effects are also indicated in the

aforementioned tables in Appendix A.7.

Linking polarization to micro-processes and macro outcomes

We now assess through simulations in how far the process-based micro-level

model is able to reproduce the observed static macro-level outcome of network

polarization (Snijders & Steglich, 2015; Stadtfeld, 2018). To study the micro-

to-macro link, we follow the goodness-of-fit method proposed for SAOMs in

Lospinoso and Snijders (2019). This method first populates distributions of

selected structural statistics from networks simulated from the model over a

fixed period, starting from the observed data at the earlier time point. The
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final simulated distributions are then compared with the same statistics in the

observed network at the following time point.

In our case, we calculate the level of polarization in simulated networks used

for goodness-of-fit testing, following the exact same procedure applied to the

observed data. We can then compare the distribution of levels of polarization

in these simulated networks to the level of polarization in our observations.

Since the simulations are generated from the estimates of micro-level processes,

they help us to understand if the estimated micro-level model produces, at the

macro-level, polarization similar to the macro-level observation.

results

Descriptives

Table 2.2 shows that there is a slight leftward bias in political orientation in

both cohorts. The average orientation is to the left of the midpoint of the scale

throughout the observation period. This difference was usually statistically

significant, with p < 0.05 in all cases for Cohort 1, and all observations except

three and four, for Cohort 2. In these two exceptions, means were 4.79, (p =

.059), and 4.87, (p = .197), respectively, using one-sample t-tests. The size of

the difference is thus not substantial: the average is never more than one point

below the midpoint of the 0-10 scale.

Since data were collected from the beginning of the first week of the partic-

ipants’ study program, the students had not yet developed many friendships

to report at the start: The average number of friends chosen (mean outde-

gree) grows substantially from Wave 1 to Wave 2 in both cohorts: from 0.92

(SD = 1.73) to 2.39 (SD = 3.17) in Cohort 1, and from 1.54 (SD = 1.98) to

1.93 (SD = 2.63) in Cohort 2. Using the Jaccard index, we quantify the stability

of friendships between subsequent survey waves. This measure indicates the

ratio of ties that are present in both Wave t and Wave t-1 to ties that are present

in either one or both. A zero indicates complete instability, while one indicates

complete stability. Friendship networks became increasingly stable over time:
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starting at .37 and .55 between waves 1 and 2 for Cohort 1 and 2 respectively,

they increased to .66–.76 in both cohorts later. Appendix A.9 shows the full

descriptive statistics of the friendship networks for the two cohorts.

Turning to the attitudinal networks, the participants were consistently more

likely to be in favour of a statement than against it. The fraction of existing ties

(densities) ranged from .30 to .37 in the positive network and from .21 to .25

in the negative network, across cohorts and time points. Overall, participants

had a total average of 5.05–6.76 attitude ties across both attitude networks

in Cohort 1, and 4.44–6.80 in Cohort 2. In both cases, the highest observed

average number of ties was at Wave 1, and the lowest was at Wave 5. Attitude

ties were largely stable over time, with a Jaccard index ranging from .69 to .78

for all pairs of subsequent waves in both cohorts. Appendix A.9 shows the full

descriptive statistics of the political attitude networks for the two cohorts.

How polarized are the networks?

To answer our first research question, which asks about the extent and tra-

jectory of network polarization in our two empirically observed communities,

we first look at the development of these metrics over time. We look at the

levels of polarization as defined in Formulas 2.1 to 2.4, using the normaliza-

tion described in the first methods subsection ‘Assessing the level network po-

larization’: a relational expectation defined by permutation of the friendship

network, and an ideological expectation defined by a rewiring of attitudinal

ties while preserving degree distributions at the level of both the person and

the object. A graphical overview of its development of the metrics is shown in

Figure 2.5.

We see that network polarization is consistently higher than the random

expectation of 0.5 on each dimension (relational and ideological) and slightly

increased from the first until the last observation. However, intermediate time

points don’t show a clear trend and all points are quite tightly clustered near

the midpoint of the scale. Overall, it seems that Cohort 1 is slightly more polar-

ized than Cohort 2. Ideological polarization appears stronger than relational

polarization in both cohorts. This is likely in part due to the fact that relational
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Figure 2.5: Two-dimensional network polarization in two cohorts, with each circle

representing one observation point, indicated by the digit in the circle. Axes are trun-

cated. There is no clear trend towards polarization over time in our data, and the data

are tightly clustered relative to the range of the measure.

polarization can only occur by processes occurring within the cohort, while

ideological polarization may also have occurred earlier. Overall, the communi-

ties appear to become more polarized over the year, but only to a small extent

and through a noisy process.

Figure 2.6 shows the observed values of the polarization metrics alongside

a set of values drawn from our null models in the two cohorts in waves 1 and

5. The figure can be read as a set of non-parametric tests for the differences

between the observed metrics and their expected values (0.5). These investigate

whether the differences from the 0.5 mid-values are significant. The larger red

circles indicate the observed values of the metrics. The cloud of smaller, light

grey points represents values in random draws from the null distributions,

with the blue diamond marking their means. In all cases, observed ideological

polarization lies clearly to the right of the vertical dotted line, showing that

its value is significantly above expectation (p < .001 in all cases). Results for

relational polarization are mixed: at wave 1, the metric in Cohort 1 is close

to the expected value (p = .480), while it is significantly above it in Cohort 2
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(p = .011). By wave 5, however, relational polarization is significantly above

expectation in both cohorts (Cohort 1: p < .001; Cohort 2: p = .002).

Which of the hypothesized processes affect the evolution of the social-attitudinal
network?

Having examined the extent of network polarization in our student communi-

ties, we now present the dynamic models explaining changes in the multilevel

networks. Here we report results from the micro-level model testing hypothe-

ses 1-3, which stated 1) a positive expectation of selection on political similarity

or negative on dissimilarity, 2) a positive expectation of influence on shared at-

titudes or a negative expectation on opposed attitudes, and finally, 3) positive

effects of disagreements on further disagreement, and positive effects of agree-

ments on further agreement. Appendix A.11 describes and shows goodness-of-

fit on relevant structures which the estimated model should reproduce, follow-

ing Lospinoso and Snijders (2019). These structures are primarily those that

are also used in the calculation of network polarization. Counts of mixed triad

structures are based on those presented in Hollway et al. (2017). For the model

fit across all included waves, the model does not significantly misfit on either

tetradic person-issue-person-issue structures (Cohort 1: p = .998, Cohort 2:

p = .323) nor on triadic person-person-issue structures (Cohort 1: p = .437,

Cohort 2: p = .693)1415.

The results of this model are consistent but not identical across cohorts.

Each hypothesis yields multiple parameters in the model due to the coding

of positive and negative attitudes as two separate networks: Two for each of

hypotheses 1a-2b, and four of each for hypotheses 3a and b. For this reason,

we simplify interpretation by using Wald tests of the linear combination of
14 Periodwise goodness-of-fit statistics are presented in Appendix A.12. The models tend to gen-

erate too few of most triads in the period from waves 2 to 3, and too many from waves 4 to

5, while waves 3 to 4 seem noisier but less biased towards generating too many or too few of

all structures. A similar pattern is observed for four-cycles. In both cases, fit tends to improve

over time. Given the high number of parameters included in the model, however, we opt to

retain the uniform parameter estimates to reduce the risk of overfitting and type II errors.
15 Other fit statistics focused on degree distributions in all networks, and other structures in

friendship networks, see Appendix A.13.
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Figure 2.6: Two-dimensional observed network polarization (red circle) relative to

expectation in two cohorts (blue diamond centered in the point cloud). Dotted lines

indicate the boundary for p < .05 (one-tailed). The horizontal line indicates relational

polarization, while the vertical line indicates ideological polarization
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respective groups of parameters, testing whether the sum of the parameters

differs from zero. For these main results, see Table 2.3. For the raw parameter

estimates, see Appendix A.7, and see Appendix A.5 for test statistics for this

model and robustness checks.

Table 2.3: Joint tests of SAOM estimates by hypothesis

Hypothesis Structure Summed parameter

Cohort 1 Cohort 2

H1a 0.13∗∗∗ 0.08∗

H1b −0.10 0.08b

H2a 0.12∗∗ −0.02b

H2b −0.02 −0.09

H3aa 0.26∗∗∗ 0.14∗∗∗

H3ba 0.10∗∗∗ 0.03∗∗∗

p-value from Wald tests of summed parameters.

∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Dependent tie is dotted line.

a Parameter multiplied by 10. b contra-hypothesis parameter direction.
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Regarding H1a, that individuals select each other for friendship based on

political agreement, we found a positive and significant effect for both parame-

ters in Cohort 1, and one in Cohort 2. Using Wald tests of summed parameters,

we find evidence of selection on political similarity in both cohorts, support-

ing H1a: individuals are more likely to form and maintain friendships to alters

with whom they share more political attitudes.

Examining H1b, that individuals tend to avoid friendships with those with

whom they disagree, none of the parameters are significant, and indeed are in

the opposite direction to expectation for Cohort 2. The Wald tests also fail to

reject the null hypothesis. We thus find no evidence that people are increas-

ingly likely to avoid and discontinue their friendships with people with whom

they share more opposed political attitudes.

For H2a, that individuals connected by friendship are more likely to adopt

and maintain similar attitudes over time, results were mixed. One of our pos-

itive influence effects was found to be positive and significant in Cohort 1. In

Cohort 2, both parameters were found to be in the opposite direction to ex-

pectation, though neither significantly so. The Wald tests support the positive

influence hypothesis in Cohort 1, and find the opposite-expectation parame-

ters in Cohort 2 to be non-significant. We thus find evidence of social influence

on shared attitudes in Cohort 1.

Examining H2b, that individuals will avoid or drop attitudes that make them

dissimilar from those with whom they are befriended, we find one significant

effect in the expected direction, in Cohort 1. In neither cohort do Wald tests

suggest evidence in favour of H2b. Overall, we find minimal evidence for the

combined H2, i.e. for social influence on political attitudes.

Finally, H3 stated that existing attitude patterns should reinforce over time:

attitudinally similar individuals should tend to gain or maintain agreement

over time, while dissimilar individuals should tend to gain or maintain dis-

agreement over time. The final two rows of Table 2.3 show the structural rep-

resentations of latent-cause similarity and dissimilarity alongside the results

of the Wald tests of summed parameters. According to H3a shared attitudes

between two individuals increase the probability of gaining and maintaining

shared attitudes in the future. Generally, this hypothesis is supported by the
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positive and significant parameter estimates in three out of four agreeing atti-

tude configurations in both cohorts, and in both cohorts the Wald test supports

the hypothesis. The effect of disagreeing structures is positive and significant

in four out of four tests in both cohorts. This too is supported in both cohorts

by a Wald test. This suggests, in line with H3b, that the more opposed individ-

uals’ sets of attitudes are, the more likely they are to gain and maintain more

opposed sets of attitudes over time.

Similarly to the static polarization metrics, we thus see consistent evidence of

ideological structuring, but weaker evidence of relational processes supporting

polarization. Particularly, H1a (positive social selection), H3a (latent-cause sim-

ilarity), and H3b (latent-cause dissimilarity) are consistently supported. H2a

(positive influence) is supported only in Cohort 1, while H1b and H2b are

not supported in either cohort. For results of robustness checks, which largely

support the main results, see Appendix A.516.

All models controlled for structural processes in the social networks, such

as reciprocity, transitivity, and popularity, structural processes in the affiliation

networks, such as item popularity, and attribute-related processes such as at-

tribute activity, attraction, and homophily. For a full results table in standard

RSiena notation, alongside brief interpretations, see Appendix A.8.

Do the three types of process explain network polarization?

To complete our answer to the question of whether the micro-level processes

tested above also produce the macro-level network polarization observed, we

calculate the network polarization index on a random sample of 100 networks

that were simulated from the estimated model at the end of each of the four

observation periods. The simulations were performed with the exact stochas-

tic actor-oriented model presented in the previous section (i.e. at the expected

16 In tests in Appendix A.10, splitting the tests into the components of repulsion and attraction

by each wave, we find only a significantly raised level of social repulsion in Cohort 1 at Wave

2, and both cohorts at Wave 4 and 5. Social attraction is only significantly raised at Wave 1 in

Cohort 2. This is somewhat counter to the pattern of results from the model, which suggests

a significant tendency towards social attraction structures.
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outcomes on the second, third, fourth, and fifth observation)17. Each of the

400 simulated outcomes’ level of network polarization (100 at the end of each

period) is normalized with a sample of networks with the same degree distri-

bution, again compared to a .5 expectation. The same normalization procedure

was performed earlier to investigate the static level of network polarization in

the data. Taken together, we see the range of results on the macro-level out-

comes as a result of the estimated micro-level processes. In Figure 2.7 we show

the observed values with the larger red diamond indicating the mean across

periods, while the simulation polarization values corrected for the degree-

preserving expectations are in grey, while the smaller blue diamond in the

center of the point cloud represents their mean. Overall, the average observed

network polarization metrics tend to lie within the cloud of simulated values,

indicating that the model generates the observed macro-level outcome reason-

ably well. However, some of the more extreme values are found in the periph-

ery of the distribution. In Cohort 1, the micro model appropriately generates

levels of macro polarization, although at the last observation there is more re-

lational polarization than expected. There is some suggestion that the process

model produces too little ideological polarization in Cohort 2, as three of the

four observed values, relative to their expectation, are more polarized than

the simulated data. In both cohorts, the estimated model produces more po-

larized configurations than under the respective random expectations despite

the non-significance and reversal of some hypothesized model parameters. In

sum, the micro-level model seems to explain the observed macro-level metrics

of network polarization well, with the important caveat that in both cohorts at

most time points there is a small but consistent bias towards producing less

polarization than observed on either dimension.

17 We exclude the first observation, as the simulations are the result of running the model from

one observation to the next. We thus never simulate until the first observation.
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Figure 2.7: Polarization in observation and from micro-model simulation. The former

is represented by larger connected red circles, while the latter is represented by sep-

arate light grey dots. The mean of the simulated values is represented by the blue

diamond centered in the point cloud. The larger red diamond (M) presents the mean

of the observed statistics. Micro simulations included are a random sample of 100 sim-

ulations for each period, for a total of 400 points, horizontal and vertical dotted lines

indicate one-tailed p-values from this distribution.

discussion

We have introduced a dynamic multilevel network framework for the study

of political polarization in society. We defined the novel concept of network

polarization, encompassing current perspectives on political division as an

ideological and relational phenomenon. We proposed a set of measures that

allow for a quantification of the extent and significance of network polariza-

tion in a multilevel network of political attitudes and social ties at a given

moment in time. First, we assessed ideological polarization – as alignment, or

constraint – of actors’ attitudes. Secondly, we assessed relational polarization –

the co-occurrence of agreeing attitudes, and friendships. Additionally, we esti-

mated dynamic network models on a novel longitudinal dataset and assessed
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which social processes explain the observed levels of network polarization in

two cohorts of Swiss undergraduates over time. We find robust evidence for

the selection of alters on the basis of overlapping attitudes on political topics

and latent-cause reinforcement, alongside weaker evidence for social influence.

These processes largely explain the mild level of polarization found in this con-

text.

Interestingly, we do not find significant evidence for selection nor influence

of directly opposed attitudes. A potential explanation is that people may try

to avoid sharing their opinions when they are expected to be opposed (Cowan

& Baldassarri, 2018; Kitts, 2003), and may systematically misperceive the atti-

tudes of alters in the case of disagreement (Goel, Mason, & Watts, 2010). While

such an explanation cannot be tested in our data, it may be that mild indica-

tors of opinions are already sufficient to cause an avoidance of further topical

discussion, hence preventing this from causing frequent dissolution of friend-

ships or of discussion provoking opinion change.

A notable finding is that there is social influence on the adoption of a posi-

tion in one of the cohorts, but not on the dropping of a position that is opposed

to one’s friends. This implies that there is little force back to a midpoint, but

some force away from it. While the evidence for this former effect is only

found in one cohort, it nonetheless aligns with arguments that political mod-

erates will tend to shift away from the middle due to selection and influence

(DellaPosta & Macy, 2015), and the empirical observation of high party polar-

ization in Switzerland (Hänggli & Häusermann, 2015). Nonetheless, the lack

of shift towards the midpoint under negative social influence does potentially

imply some pluralism of political opinions.

Our work aims to contribute to the scientific study of polarization in societies

and communities in real-life settings. The key theoretical strength of our net-

work approach is that it can be used to study a wide variety of interpersonal

(micro-level) processes jointly with their societal (macro-level) consequences.

Our unique empirical dataset presents a viable example for collecting longi-

tudinal network data about social divisions. Such data are straightforward to

analyse using the presented framework. Finally, our extension of stochastic
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actor-oriented models with specific effects and goodness-of-fit statistics can be

readily applied by researchers to the study of polarization.

There are a number of limitations to our work, which highlight productive

directions for future research. First, we elaborated our approach focusing on

political attitudes, or more precisely: people’s attitudes towards a set of spe-

cific political topics. The literature on political polarization suggests that social

divides are likely to exist in and spread through other domains as well (Della-

Posta, Shi, & Macy, 2015). Our multilevel network framework allows the gener-

alization from political topics to alternative social objects about which people

may have positive and negative attitudes. This includes other political issues

not captured in our data, but also other objects of cultural consumption and

lifestyle choices. Studying these jointly with political attitudes is now possible

and would be crucial for understanding a number of divides and conflicts in

modern societies.

Second, we only studied a single type of social relation (friendships). Social

network studies highlight that negative ties, such as dislike and conflict be-

tween people, jointly evolve with positive ones in communities and impact

a variety of outcomes (Harrigan, Labianca, & Agneessens, 2020). Negative

ties play a role in the formation of group boundaries (Stadtfeld, Takács, &

Vörös, 2020) and some evidence suggests that outgroup differentiation may

contribute to political polarization (Bail et al., 2018). However, direct evidence

for the effects of negative ties on opinions in offline settings is thus far lack-

ing (Takács, Flache, & Mäs, 2016). Our approach could be generalized to allow

both positive and negative ties between individuals in a similar way as it incor-

porates positive and negative attitudes to topics. Such an extension can enable

researchers to explore further processes that may explain polarization, such

as the appearance of negative ties as a result of opposing views on political

issues.

Third, we only used data about the offline social ties of individuals. We think

that this choice is reasonable given our empirical context, where students had

a chance to interact with their peers face to face almost daily most of the

year. However, as political discussions increasingly occur on online platforms,

often with exclusively online contacts, it would be crucial to test our approach
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in the context of social media. For example, social ties are readily observed

and political attitudes can be inferred in online discussion communities, such

as Reddit (e.g. An et al., 2019; Himelboim, McCreery, & Smith, 2013). As

we argue in this paper, polarization in such datasets could be analysed as a

multilevel network.

Fourth, and related to the previous point, we explored polarization in a

small-scale empirical setting (and therefore results may not generalize to the

broader population). However, our approach could be applied to the study of

large communities. It is more feasible to collect large-scale multilevel network

data about political attitudes and social ties in online settings, but offline ties

could be observed or surveyed in future studies. The presented concepts and

measures of polarization should scale, although more computationally efficient

normalization strategies may be required for the attitude networks. Stochastic

actor-oriented models are not yet suited for the analysis of communities larger

than a few hundred individuals, but to our knowledge there are ongoing de-

velopments in this direction.

Fifth, a possible criticism of our work is that our empirical setting was not

strongly polarized. This was confirmed both by the proposed metrics and by

our informal knowledge of the empirical context. The main focus of this paper

was to develop and test a multilevel network approach to studying polariza-

tion. The introduced metrics and models can be used to study communities

that are extremely polarized and which are not polarized at all. We would find

it highly valuable if future studies applied our approach in more polarized set-

tings. Comparing results from a number of contexts may reveal important vari-

ations in how political polarization evolves in current societies. We should also

highlight that our approach does not attempt to examine polarization through

extreme attitudes on single topics, deferring instead to measures favouring

multiple topics which treat extreme attitudes in the same way as more mod-

erate ones. Incorporating extremity on single topics and smaller differences

occurring across multiple may be fruitful in understanding polarization.

Lastly, we have to note that our approach does not explicitly incorporate

emergent social identities, which are increasingly considered important to ex-

plaining political polarization (Iyengar et al., 2019). As people interact and de-
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velop attitudes to issues, group identities emerge (Tajfel & Turner, 1979). Once

they exist, these identities may influence the attitudes and actions of individu-

als, beyond influence of specific peers. This may especially be important in the

case when these are, or come to merge with, political identities. Future work

should aim to account for emergent group identities in network models for a

more complete understanding of political polarization.

Polarization is a process that, in the extreme, may disintegrate societies. This

happens in at least two ways. The social aspect of polarization represents that

dissimilar individuals in society avoid one another and “grow apart”, while

local structure may reinforce existing similarity. The ideological aspect reflects

that they may even lose common ground for coming together. As a result,

polarization can lead to long-term conflicts and fragmentation, undermining

the functioning of societies in a number of domains, such as politics, culture,

or the economy.

Polarized politics and the “culture war” have been in the center of public

discourse in Western societies recently. However, the interpersonal processes

leading to and sustaining polarization, such as ideological differences and the

lack of social ties between groups, can arguably be found everywhere. Western

societies might experience “polarization crises” at the moment, but the under-

lying problems are likely to be present in other societies to some extent as well,

and a better understanding of these phenomena may bear fruit in the future.

It is tempting to view polarization as defined by extreme “fringe” beliefs,

but it may be seen as a subtler yet more pervasive phenomenon. Media often

focus on extreme groups, for instance (and with good reason) noting the ris-

ing popularity of far-right groups in recent years. Ideological conflicts around

science and science education are driven by groups with anti-mainstream be-

liefs such as “anti-vaxxers” and “flat-earthers”. However, societies may also

be polarized in a milder sense through smaller differences along a variety of

social-political topics, such as the role of the federal state in the US, the future

of the EU in Europe, and approaches to immigration in many countries. Our

work highlights that political polarization can take many forms, and that its

extent and causes should be explored across societies.
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We need to understand the processes that create and sustain political polar-

ization in order to be able to tackle it. Our work highlights the importance,

and enables the study of selection and influence processes in the context of

polarization. If people tend to become more similar to those they talk to and

dissimilar from others, ideological polarization is expected to increase. If, in

turn, people tend to talk only to others with similar views, social polarization

is also expected to increase. We have a long way to go to fully understand the

dynamics of polarization. We believe that a dynamic social network approach,

such as the one presented in this paper, can be helpful in this endeavor.
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3
C H A P T E R 3 – P E E K I N G F O R W A R D AT P O L A R I Z AT I O N :
A P P LY I N G A S TO C H A S T I C A C TO R - O R I E N T E D M O D E L A S
A N E M P I R I C A L LY- C A L I B R AT E D A G E N T- B A S E D M O D E L

Agent-based models (ABMs) for opinion dynamics have provided theoretical

evidence for conditions resulting in political polarization. Increasingly, calls

are made for stronger links to empirical data. We demonstrate one promis-

ing method, using simulations from an empirically-estimated stochastic actor-

oriented model (SAOM) of the coevolution of 22 political attitudes and social

ties in a complete network of undergraduate students (N = 261). We do so

to understand the consequences of estimated interindividual and background

processes on relational and ideological polarization.

We first consider the benefits of using a SAOM as a tool for calibrating

and validating an ABM, including linking to empirical data, incorporating

evolving networks, and its time-based interpretation. We then counterfactu-

ally strengthen and weaken processes of homophilous selection, positive so-

cial influence, and global latent forces capturing convergence and divergence

of opinions. Simulating forward from an observation of the social network, we

find a tendency towards a reduction of polarization under virtually all manip-

ulations of effects.

We find that the contribution of the manipulated effects is typically quite

small, producing only slightly slower decreases in, or a slightly higher level of

polarization in the long run as these mechanisms increase in strength. Notably,

people tend to hold fewer opinions, but more friendships in the long run –

suggesting that socializing forces outweigh the negative effects of polarizing

processes.

This article is currently in preparation as:

Mepham, K., & Keijzer, M. (TBD). Peeking forward at polarization: Applying a

stochastic actor-oriented model as an empirically-calibrated agent-based model
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introduction

Understanding the nature and potential causes of mass political polarization

has been a prominent objective of modern political science research (Fiorina &

Abrams, 2008; Iyengar et al., 2019). Concerns have been raised about societal

breakdown linked to the phenomenon (Iyengar et al., 2019), and its presence

has been documented in various nations (Iyengar & Westwood, 2015; Reil-

jan, 2020; Wagner, 2021). Polarization has been documented in both an ideo-

logical sense—considering opposition in ideologies—and an affective sense—

considering a more negative view of the (ideological) outgroup compared to

the ingroup (Abramowitz & Saunders, 2008; Fiorina & Abrams, 2008; Iyen-

gar & Westwood, 2015; Kozlowski & Murphy, 2021; Reiljan, 2020; Wagner,

2021). Conceptually, the two phenomena are often clearly interlinked (Webster

& Abramowitz, 2017).

Traditional social science explanations for the phenomena rest on psycholog-

ical effects (e.g. identity-based phenomena and partisanship) or society-level

trends (e.g. elite polarization, globalization, or changes in media landscape),

which tell only part of the story. In reality, the emergence of polarization

is a consequence of the actions and expressions of a large population of au-

tonomous but interdependent agents who create, consume, and exchange in-

formation. Researchers working on agent-based models (ABM) have produced

an extensive literature examining how opinion landscapes emerge from two

processes: influence and selection in interpersonal contact to capture this dy-

namic and multi-faceted process (for reviews, see Castellano, Fortunato, &

Loreto, 2009; Flache et al., 2017).

Influence, defined by Rashotte (2007) as “change in an individual’s thoughts,

feelings, attitudes, or behaviors that results from interaction with another in-

dividual or a group"1 typically takes one of two main forms in the ABM lit-

erature. Firstly, as an assimilative social influence that makes connected indi-

1 We take this to include the possibility of change of outcome, meaning that not only change of

an individual’s ‘thoughts, feelings, attitudes or behaviours’ may be a consequence of influence,

but also non-change where it would have otherwise occurred. For instance, if one had heard

a convincing argument against animal testing that may convince them that it is wrong and

started them on the path to changing their attitude on the topic, but a social contact offered
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viduals more similar, secondly, a repulsive social influence that makes indi-

viduals more dissimilar—this latter form tends to be conditional on having

some prior level of disagreement (e.g. DellaPosta, Shi, & Macy, 2015; Flache

et al., 2017). The term ‘influence’ is used as shorthand for assimilative social

influence throughout this paper unless otherwise specified.

Selection typically refers to homophilous social selection, i.e. a choice to

be connected to similar others (McPherson & Smith-Lovin, 1987; McPherson,

Smith-Lovin, & Cook, 2001). While empirically evidenced, this phenomenon is

often somewhat indirectly modelled in ABM. The well-known bounded con-

fidence model of Deffuant et al. (2000) and Hegselmann, Krause, et al. (2002)

implements a somewhat analogous process: where connected individuals are

too dissimilar, they are no longer capable of influencing one another. Note,

though, that this does not change the underlying network but the channels

of influence. More directly, models by Baldassarri and Bearman (2007) and

Carley (1991) include a selection term for a hypothetical discussion network

dependent on actors’ similarity. Throughout this paper, ‘selection’ is used syn-

onymously with homophilous social selection unless otherwise specified.

Although selection and influence are two core processes considered in ABMs,

reality is naturally more complicated. Beyond the effects, we additionally con-

sider that there may be latent causes reinforcing (dis)agreement. Shared infor-

mation environments such as ideologically aligned media causing agreement,

or other media which intentionally directly oppose one another, unobserved

relations outside of the empirically observed friendship including classroom

discussions, or the co-occurring change in the university environment are some

examples that might induce further agreement or disagreement between pairs

of individuals (see Chapter 2 of this dissertation). We thus account separately

for these latent tendencies towards increasing agreement and disagreement.

Highly stylized, theoretical models for opinion dynamics are appealing for

their parsimony and elegance, but may be subject to critique on external va-

lidity, and thus, in turn, on their empirical applicability (Steglich & Snijders,

2022). Many have pondered the question of how certain behavioral rules for

sets of autonomous but interdependent agents might generate polarization,

a counter-argument which prevented this change in attitude, this would still be considered

social influence by their social contact.
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using formal models and computational experiments (for reviews, see e.g.

Castellano, Fortunato, & Loreto, 2009; Flache et al., 2017). As this literature

developed, the community documented core threats to the validity of such

models, arising from challenges in the calibration and validation of opinion

ABMs (Chattoe-Brown, 2014; Flache et al., 2017; Mäs, 2019; Sobkowicz, 2009).

Two broad streams of calibration and validation of ABMs against real-world

quantitative data have been categorized by Chattoe-Brown (2014). Firstly, some

use experimental designs with real-life subjects to calibrate models on their

micro-level foundations, i.e. they start from a set of theorized mechanisms, test

for their presence in an experimental setting, and on the basis of the evidence

derived therein, incorporate mechanisms in the conceptual model (e.g. Takács,

Flache, & Mäs, 2016). Secondly, observational data can be used in comparison

to a simulation, to examine whether a model gives a plausible explanation of

a societal phenomenon, i.e. validation (Lorenz, 2021). Typically, this approach

is used to compare which of a selection of models provides the most accurate

prediction and thus the most plausible to have generated a given distribu-

tion or outcome. While this may be a useful approach when discriminating

between trusted, plausible models, this approach can, strictly speaking, only

establish generative sufficiency of an explanation (Epstein, 1999; Steglich &

Snijders, 2022). While the explanation posited by an ABM for a phenomenon

at the societal level lies in the interaction between agents, the empirical test

rests on the outcome and not on the process that led to this outcome. Both of

these two methods are important for linking and testing ABMs against reality.

The current study falls primarily into the second category, as will be explained

below.

Recent developments in statistical modelling have offered a new method for

simulating the process of selection and influence in small social systems as a

way to understand the micro-macro link (Snijders & Steglich, 2015; Stadtfeld,

Takács, & Vörös, 2020; Steglich & Snijders, 2022). The stochastic actor-oriented

model (SAOM; Snijders, van de Bunt, & Steglich, 2010) allows the estimation of

the strength of micro-level mechanisms to explain the coevolution of relation-

ships and individual characteristics in observational data of moderately-sized

social systems. It is used for statistical inference on mechanisms for network
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formation and influence, simulating paths between multiple observations of

individual traits and ties. To achieve that, it models the time between two ob-

servations as a series of micro steps in which autonomous but interdependent

agents form, dissolve or maintain ties and adjust their mutable traits to their

social surroundings. In its essence, SAOM is agent-based and can therefore

form a good starting point for model-based computational experimentation,

alongside other presented benefits which may be welcomed by users of ABMs.

In this paper, we use a specification of the stochastic actor-oriented model

presented in Chapter 2 of this dissertation to examine the consequences of

estimated parameters representing social selection, influence, and external ide-

ologically polarizing factors on a community of university students, under the

assumption that they remained together for a period of two years following

the final observation at the end of their first year. The model applied considers

the co-evolution of both social ties and opinions on multiple issues, thus also

allowing for a dynamic social network starting from an empirically observed

structure.

In the early days of polarization research, Abelson almost prophetically

asked “what on earth one must assume” in order to arrive at polarization (1964,

p.15). The vast literature on opinion dynamics tends to be better at explain-

ing consensus formation than polarization. Here, we focus on the unintended

consequences of individual, utility-maximizing processes. We show how ten-

dencies towards (dis)agreement-maximization (latent-cause convergence and

divergence) can affect relational polarization, and how ideological polariza-

tion is affected by homophilous selection and assimilative influence. Under

the baseline model, the parameters representing social selection and influence

create structures considered signs of relational polarization. Similarly, param-

eters representing latent (dis)agreement maximizing forces create structures

considered signs of ideological polarization. We, therefore, focus on outcomes

not directly generated by the structural effects modelled: ideological polariza-

tion as a consequence of positive selection and influence, and on outcomes of

relational polarization as a consequence of latent polarizing forces.
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aims and contributions

The aims of this study are twofold. Firstly, to demonstrate and explore the use

of a new (type of) method to link agent-based models for opinion dynamics

to reality, and secondly, to explore the consequences of selection and influence

processes versus latent ideological factors in polarization.

In this work, we aim to deepen our understanding of how selection and in-

fluence processes, as well as latent processes maximizing (dis)agreement, indi-

vidually and jointly contribute to polarization. To do so, we analyze a formal,

theoretical model of opinions and friendships, rooted in a model estimated

from an empirical network. The approach taken on here is a comparative

one, deploying three relatively novel and understudied methods for simulat-

ing empirically calibrated agent-based models via Stochastic Actor-Oriented

modelling. We apply simplified versions of metrics proposed in Chapter 2 of

this dissertation to test for polarization in both a relational and ideological

sense.

The study stands out in its ability to disentangle relational and ideological

polarization. The former sense of polarization may be a downstream conse-

quence of a generalized affective polarization (Iyengar et al., 2019), which cap-

tures the idea that people come to dislike those from the other side (Iyengar

et al., 2019; Reiljan, 2020; Wagner, 2021). The latter ideological form relates to

constraint or consistency in multiple opinions, as shown in e.g. Baldassarri and

Gelman (2008), Converse (1964), DellaPosta (2020), DellaPosta, Shi, and Macy

(2015), and Kozlowski and Murphy (2021). While both forms are documented,

there is, to the best of our knowledge, no calibrated ABM study that aims to

disentangle the two like the SAOM-as-ABM approach used here.
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agent-based models and the stochastic actor-
oriented model

Common agent-based model limitations

While conventional agent-based models thrive on their flexibility, limitations in

their application can hinder their ability to make effective predictions or expla-

nations of macro-level phenomena. Here, we highlight four key issues which

the SAOM helps to resolve via its use of empirical data that directly build val-

idation of a model into the estimation procedure. The first of these limitations

is that in ABMs it is often unclear what the operationalization of time and

timescales represents (Mäs, 2019; Sobkowicz, 2009). Typically, the length of a

simulation run is prespecified, or it may be terminated after reaching some

(stochastic) equilibrium, but whether these end-points or equilibria may be

reachable in real life is unclear. In opinion dynamics models, for instance, sim-

ulation steps might (when specified) reflect interaction events (Baldassarri &

Bearman, 2007; Carley, 1991), but how many change-of-mind interaction events

will individuals actually experience on a day-to-day basis? ABM does not offer

a clear way for determining how and how often changes are expected to occur

in real-life situations.

Second, much of the agent-based modelling literature is concerned with the-

oretical models without empirical calibration or validation of assumptions,

mechanisms, and results. Empirical approaches have hitherto often been ne-

glected in the ABM research paradigm. Increasingly, the community is calling

for calibration and validation (e.g. Flache et al., 2017; Sobkowicz, 2009) and

contributions are appearing that empirically calibrate micro-level behavior (e.g.

Takács, Flache, & Mäs, 2016), calibrate to macro-level outcomes (e.g. Gestefeld

et al., 2021; Vu et al., 2019) or validate to macro-level outcomes (e.g. Chattoe-

Brown, 2014; Duggins, 2017).

Third, many agent-based modelling procedures treat social ties as the fixed

topology of individuals who have some opportunity to influence one another.

Here, the obscurity observed in the former critique returns, as ties can repre-

sent lasting, stable relationships or (opportunities for) interactions in the short
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term. While behaviourally impactful variations of stylized topologies (Rolfe,

2014) have been applied—including regular lattices (Axelrod, 1997), small-

world networks (Watts & Strogatz, 1998), scale-free networks (Giardini, Vilone,

et al., 2021), and connected caveman graphs (Flache & Macy, 2011) to name

a few—dynamic and endogenous networks, in particular, are usually not con-

sidered in opinion models (although random dynamic networks and networks

dynamically determined by opinions are not unheard of, cf. Albi, Pareschi, &

Zanella, 2016; Baldassarri & Bearman, 2007; Durrett et al., 2012; Su et al., 2014)

despite empirical research explaining structural, dynamic tendencies (Minozzi

et al., 2020).

Fourth and finally, ties are often given without a theoretical explanation of

what they represent. These might be taken to represent, for example, com-

munication opportunities, interaction events, or perceived (mutual) social rela-

tionships like acquaintanceship, friendship, kinship or antagonism. Ambiguity

about the identity of the modelled relationship makes it harder to pin down

theoretical expectations specific to it (Butts, 2009)2.

Strengths of the stochastic actor-oriented model as an agent-based model

Stochastic actor-oriented models are now an established tool for studying the

dynamics of social networks over time (Snijders, van de Bunt, & Steglich, 2010),

including and accounting for effects of and on individual attributes (Steglich,

Snijders, & Pearson, 2010). These models, estimated on whole-network panel

data, make the agent-centric assumption that individuals change their outgo-

ing ties to other individuals or objects depending on their current state, which

may include network and individual variables specified by the modeller.

Using stochastic actor-oriented models as tools for agent-based modelling

(i.e. as a tool for ’generative social science’) is a possible way to resolve or

avoid some of the aforementioned issues in agent-based models (Steglich &

Snijders, 2022).

2 It is worth clarifying our stance that work restricted to empirical methodologies does not

necessarily fare better: measurement is hard, and defining the scope of the possible relevant

causes of an outcome is similarly tricky.
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SAOMs have a clear interpretation of time, are estimated directly from em-

pirical data, use dynamic networks by definition, and due to their use of empir-

ical data, require explicit operationalization of the ties in question. The SAOM

describes a process, with variables specified by the researcher, by which an

observation of a social network occurring on a set of individuals at some time

point evolves to an observation at a second time point. While this is in principle

a statistical model based on empirical data, the SAOM estimates can be used

as parameters of an agent-based model, with certain mechanisms for selection

of ties and influence on those ties specified by the researcher.

First, the SAOM gives a sense of time. It uses panel-based data and estimates

the rate at which individuals take opportunities to update their social ties and

attitudes. Given that this rate is based on the time window between observa-

tions, the real-time between observations can be mapped to this rate. To do so

requires the assumption that the rate of change estimated in the observation

period is constant over time, and that the actor-level mechanisms of change

are of constant sign and size.

Second, a core aspect of the SAOM approach is that it estimates theoreti-

cally specified effects against panel empirical data. This means that the user

calibrates their model against the development of observed data at timepoint

t to t + 1 in a way that requires that it explains aspects of the structure of the

network (Ripley et al., 2019), and is validated against user-specified goodness-

of-fit statistics; comparisons between observed and model-generated statistics

of interest not directly included in the model (Lospinoso & Snijders, 2019). Cal-

ibration is thus built into the estimation procedure, while the user validates the

model by goodness-of-fit testing.

Third, the SAOM was specifically designed to estimate plausible dynamic

network models for social networks. For instance, friendship networks may

be subject to forces causing transitivity (the friend of a friend is more likely

to be a friend), reciprocity (if individual i nominates j as a friend, j is more

likely to nominate i as a friend), popularity-like effects (individuals consid-

ered a friend by many are more likely to be nominated as a friend by others)

and homophilous selection on attributes such as political attitudes (similar

individuals are more likely to be friends) (Snijders, van de Bunt, & Steglich,
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2010) as well as less intuitive tendencies against e.g. transitive reciprocal triads

(Block, 2015). Such mechanisms for tie selection are specified by structural ten-

dencies for which parameters are optimized to produce, on average, the same

structural statistics as observed when simulating from one observation of the

network to the next. These can be treated at the same time as features repre-

senting changes in individuals’ attitudes such as influence. Dynamic network

effects are thus a fundamental part of the SAOM’s use.

Finally, the constraints of empirical data forming the input require that the

researcher is explicit about the (operationalization of) ties forming the social

network, requiring a more concrete specification of the consequences of a tie

based on previous research, and thereby allows for better falsification of hy-

potheses in the empirical setting.

Challenges in using the stochastic actor-oriented model as an agent-based
model

While generative SAOMs are empirically calibrated and therefore quantita-

tively close to observed data, a SAOM-based strategy does not guarantee the

realism of the social simulation model by default. It is, in the current case, still

an assumption-rich artificial model of selection and influence. For instance,

assuming that a single type of social relation—even when comprehensively

measured—is the sole explanation for a change in opinions is an obvious over-

simplification. There are likely multiple qualities co-occurring or part of a so-

cial tie that vary between dyads, or there may be other tie types that are of

similar importance. Furthermore, there may be unobserved, exogenous factors

that affect the empirical data and bias the statistical estimates.

In sum, the SAOM offers opportunities to improve the realism of opinion

models via its empirical constraints, particularly by emphasizing the impor-

tance of specifying the objects to be studied.
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Approach

We explore the consequences of strengthened, weakened, or absent forces

of homophilous selection, assimilative social influence, and latent causes of

divergence and convergence of opinions on polarization in a relational and

ideological sense. We take three approaches to the use of a stochastic actor-

oriented model as a counterfactual tool, stemming from debates in the liter-

ature on SAOMs: After adjusting the parameters of theoretical interest, sim-

ulating forwards directly, re-estimating only the density prior to simulation,

or re-estimating the entire model outside of the parameters of interest. Each

method comes with its own assumptions, to be discussed below.

approaches to calibration via saom

Two different methods for inferring the consequences of a process have been

more or less explicitly proposed (Snijders & Steglich, 2015; Stadtfeld, Takács, &

Vörös, 2020). Snijders and Steglich (2015) propose the re-estimation of a model

with specific parameters of interest removed, and examining some outcome

which is not explicitly implied by the remaining parameters. This means that

other parameters will be able to change. Taking this approach follows a logic

of network modelling as a counterfactual, asking the question ‘if these were

the structural tendencies by which a network developed over time, what is

the strength of each tendency?’ For some models, re-estimation with or with-

out certain parameters makes model convergence (i.e. stable estimation of the

magnitude and precision of the parameters) less likely – the plausibility of

the estimated model is reduced in such a scenario. That aside, if the goodness

of fit on relevant structural features and convergence on parameters is equal

across models, the difference in realism comes from theory. In this sense, we

can answer the question of whether we believe that a specific structural ten-

dency is a plausible, or necessary, component of the generative process of a

given network with respect to some set of outcomes.
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Another method is not to re-estimate the parameters of the model, but to fix

the non-focal parameters to their estimated values, and manipulate only the

focal parameters (Stadtfeld, Takács, & Vörös, 2020). This is an alternative coun-

terfactual method with stronger causal assumptions on the estimated param-

eters, since it assumes that we have observed ‘true’ representations of causal

tendencies, which we then manipulate following our theoretical interests. In

this case, we are not interested in goodness-of-fit, as we are concerned with ex-

trapolation – we do not aim to answer whether a specific force is a cause of a

network observation, but what would happen if this force were different from

the observation (i.e. stronger, or weaker). This has consequences for network-

level statistics including the density; we have to make the assumption that the

number of relationships in the system is not constrained by an approximate

limit due to e.g. broadly construed costs and benefits of ties. Instead, it is con-

strained purely by the opportunities that the network’s characteristics provide

to allow individuals to satisfy their preferences.

A midway alternative between the two approaches mentioned has been sug-

gested by Block (2018), which could represent this latter belief that ties tend

toward some limit in the interval in which the model is estimated (as would

also be suggested by e.g. Hill & Dunbar, 2003, albeit at the level of the network

rather than the level of the individual). In this approach, the intercept of the

objective function (i.e. the density parameter) is re-estimated, while the focal

parameters are manipulated and the other model parameters are held con-

stant. This aims to approximately preserve the number of ties in the network,

accounting for changes in the focal structural features that may increase the

average utility of ties, and assuming other parameters were initially correct.

We opt to simulate in all three ways; firstly, using the method proposed by

Snijders and Steglich (2015), simulating from a model re-estimated after ma-

nipulation of the focal parameters, next using the method used by Stadtfeld,

Takács, and Vörös (2020), simulating from the model with only the focal pa-

rameters changed, and finally simulating from a model with a re-estimated

density parameter after manipulation of the focal parameters. This allows the

addressing of the consequences under all three sets of assumptions.
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methods

To understand the impact of (various levels of) selection and influence on polar-

ization we simulate counterfactual scenarios using a stochastic actor-oriented

model. At its core, the model is an agent-based model starting from an em-

pirically observed configuration at timepoint t, calibrated to best predict the

statistics of the observed network at timepoint t + 1. Here, we describe first a

unique treatment of the attitudinal data as a two-mode network, followed by

the data upon which the model is estimated, the mechanics of the agent-based

model, then the stochastic actor-oriented model from which it inherits, the ma-

nipulations that we wish to study with computational experiments, and the

measures by which we quantify polarization in the system.

People, issues and attitudes as two-mode networks

The relationship between individuals and the issues about which they hold

attitudes is treated as a type of network known as a two-mode network. Two-

mode, or multilevel networks are networks consisting of two sets of nodes,

representing entities such as or individuals and subjects of an attitude (Raabe,

Boda, & Stadtfeld, 2019), individuals and social events which they attend (A.

Davis, Gardner, & Gardner, 1941), or organizations and their competences

(Hollway et al., 2017). These sets of nodes can be interconnected between the

sets, but the same tie type does not occur within sets (Lazega & Snijders, 2015).

This stands in contrast to the more common one-mode social network of ties—

in this paper, the network of friendships. These can be combined, similarly

to cognitive balance theory (e.g. Heider, 1946) which formulated networks of

pairs of individuals and their attitudes towards other objects. In the example in

Figure 3.1 attitudes about policy issues are depicted as a two-mode network.

Positive and negative attitudes are treated as green or red ties respectively,

from individuals holding them (circles) to the policy issues at hand (squares).
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Policies

Attitudes

Individuals

Figure 3.1: An illustrative multilevel network of individuals and attitudes. Squares

represent policies, red and green ties represent positive and negative attitudes that

circle individuals hold about the policies.

The smallest closed unit of this two-mode network is a four-cycle; a com-

bination of two individuals and two issues, connect by individuals’ attitudes

on these issues. Combining this two-mode network with one-mode friendship

networks, the smallest closed structure is a triad of two individuals and one

issue, with friendship connecting the individuals to one another, and attitudes

connecting the individuals to the issue. The presence or absence of these closed

structures is used in the modelling treatment of selection, influence, and latent

causes of opinion divergence and convergence, and the development of the

polarization metric described later.

Data

The data on which we estimated the model came from student Cohort 2 of

the Swiss Student Life data (Vörös et al., 2021). The data used related to 261

individuals, from approximately two months into the start of their studies

until the end of their first year (i.e. omitting the first observation due to the
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instability of the social network) with information about attitudes on 22 policy

items and the friendships of these individuals at four observation points.

The policy topics on which the cohort indicated attitudes came from a bat-

tery of items stemming from two sources. First, the 2017 German language

Wahl-O-Mat (Bundeszentrale fur politische Bildung, 2017), a vote choice helper,

from which we hand-picked policies which we believed would be relevant for

the cohort and therefore more likely to be discussed and/or change over time.

Second, we used information from upcoming Swiss referenda (in which citi-

zens vote up to four times per year), as these are likely to come up for discus-

sion.

Friendship ties were chosen due to their potential impact on opinions for rea-

sons of trust over more incidental ties (Weeks & Gil de Zúñiga, 2019), a more

general tendency for positive social ties to be related to social influence (Lazer

et al., 2010; Levitan & Visser, 2009) their potential to be selected based on

shared opinions or values (Huston & Levinger, 1978; McPherson, Smith-Lovin,

& Cook, 2001), and finally because friendship ties have extensive anchoring in

the social networks literature, giving us more certainty in the auxiliary part of

the model specifications (e.g. Snijders & Steglich, 2015; Snijders, van de Bunt,

& Steglich, 2010).

To allow for estimation of the multivariate opinion part of the model, opin-

ions were reduced from a seven-point Likert scale to three ordered categories,

represented as negative, neutral, or a positive attitude respectively. In the vari-

ant presented here, we use this reduced form with cutoffs two points away

from the extremes (i.e. a score of one or two is treated as negative, three, four

or five as neutral, and six or seven as positive).

We use these data as they contain several convenient features: a network

with a relatively clear boundary, individuals being students who are enrolled

in intensive study programmes and, therefore, spending much time together in

the study context. The items used were expected to be among those most likely

to be subject to change of opinion, given that they focused on contemporary

topics and/or upcoming topics in the political arena.



88 peeking forward at polarization

The stochastic actor-oriented model as an agent-based model

The agent-based model applied here is a continuous-time sequential-updating

model. At any point in time, a single actor is sampled at random to update

their state of social relations or their attitude to political topics. For a given ob-

servation period, rate parameters determine the average frequency with which

actors have an opportunity to update their state. The rates are separate for each

of the social and the opinion networks, but tie changes in these networks are

assumed to occur in continuous time, thus interspersed.

When activated, agents decide to update their relationships with other ac-

tors (or topics). Their relationships and political attitudes are represented as

three networks: a one-mode friendship network and two disjoint two-mode

actor-topic networks (one network for positive and one for negative attitudes).

The latter two networks are disjoint, meaning no one can hold both a nega-

tive attitude and a positive attitude towards the same object. The choice of

(in)action in changing ties in a network follows from a probabilistic function

dependent on counts of specified local network structures weighted by the es-

timated parameters, and assumes that actors could potentially be tied to any

other nodes in the network.

In the model specified here, there is a set of general parameters by which

all individuals in the opinion network are expected to have opinions related

to one another (with dissimilar ties becoming more probable amongst already-

dissimilar individuals, and vice versa for similar individuals). Specific param-

eters for the social network capture the process by which people selectively tie

to others with a higher probability given more overlap in opinions (selection),

and other parameters specify the tendency to adopt an opinion the same as

one’s friend (influence).

Baseline stochastic actor-oriented model estimation

We start from the model described in Chapter 2 of this dissertation. In this

research to which we made two modifications. First, we excluded parameters

removing non-significant hypothesized parameters for negative selection on
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opposed opinions and assimilative social influence on opposed opinions3. Sec-

ond, we removed one homophilous control (age similarity) in the social net-

work as this did not explain tie formation in the empirical model, and third,

following Snijders and Steglich (2015), opt for a geometrically-weighted edge-

wise shared partners term alongside a parameter for complete triads to avoid

problems of degeneracy seen in other models such as exponential random

graph models, which run until a stochastic equilibrium is reached (Robins et

al., 2007). This re-estimated model maintained a good fit to the data in aggre-

gate but was somewhat poor on a wave-by-wave basis4. To establish the time

frame, we extrapolate from changes between the last two observations of the

community. These observations were spaced 71 days apart. Multiplying the es-

timated rate parameter between these observations by 11, we get an estimated

781 days, or 2.13 years. For simplicity, we treat this as a two-year period.

Baseline model parameterization

The SAOM relies on two main functions in each network for simulation: an

objective function and a rate function. The objective function determines the

relative probability of specific tie changes by a chosen actor. In other words,

it gives the probability of a specific change (but also the probability of not

3 Since each of these is represented by two parameters (one for each triadic structure of the

directed social network and either positive or negative opinion ties), we based this selection

on a test of the summed parameters for significance using Wald tests (Ripley et al., 2019). This

is furthermore consistent with the weak-to-null effects of negative influence in offline contacts

found in e.g. Takács, Flache, and Mäs (2016), though constrasting with online effects in larger

samples such as Bail et al. (2018).
4 Due to this partial poor fit, we also applied the original and the adapted model to waves four

and five of the Swiss StudentLife Study dataset (Vörös et al., 2021) used in Chapter 2 of this

dissertation. While the original model fit well, the removal of the additional parameters did

not. Given the relatively small amount of change (421 tie changes in the positive, and 251

changes in the negative network, with 8 parameters controlling each) and extremely good fit,

we suspect that this model was overfitting the data. Manipulating these parameters and re-

estimating all the models resulted in several non-converged models, but otherwise frequently

fit the data well. Removing the parameters for negative influence and negative selection as well

as the age homophily parameter resulted in a model that failed to come close to convergence

after two runs with default settings except 5000 phase 3 simulations.
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changing) when an actor is activated. Local network structure determines the

values put into the objective function; each possible change is evaluated ac-

cording to the modelled statistics such as the number of agreeing four-cycles,

agreeing friendship-attitude-attitude triads or reciprocal friendships. The rate

function determines how often actors are activated and thus how many oppor-

tunities individuals have (on average) to update their outgoing ties. Rates of

change between different networks are independent in the given model. The

changes based on the objective function, however, are not, since they rely in

part on cross-network effects between the two-mode opinion network and the

one-mode friendship network.

The estimated parameters of selection and influence, as well as the back-

ground latent processes inducing (dis)agreement from Chapter 2 of this dis-

sertation and a visual representation of each, are given below in Table 3.1

and Table 3.25. Both tables 3.1 and 3.2 show diagrams containing individuals

(circles), topics (squares), and social (coloured black) or attitudinal (coloured

green for positive and red for negative) relationships. Positive parameters in-

dicate a relative increase in the probability of ties being formed or preserved

given that they are part of the displayed structure, negative parameters the

opposite. Table 3.1 shows the estimates for selection and influence between

individuals. Two parameters represent social selection, for which a positive

parameter can be interpreted as homophily (and a negative parameter thus as

heterophily). Two parameters represent social influence, where a positive pa-

rameter represents an assimilative tendency (and a negative parameter would

represent negative influence or distancing). Finally, Table 3.2 shows the esti-

mates for eight parameters that represent tendencies towards convergence and

divergence of opinions. These account for latent influences, be it from ties un-

correlated with friendship within the network, or external influences such as

a pre-existing shared media consumption (see Chapter 2 of this dissertation).

5 Full model tables are large, and are available as HTML files on request.
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Table 3.1: Main Stochastic Actor Oriented Model parameter estimates: Selection and

influence

Visual representation Effect Estimate

Homophily from pos. att. 0.06∗

(0.03)

Homophily from neg. att. 0.06·

(0.03)

Influence, pos. att. 0.04·

(0.02)

Influence, neg. att. 0.07∗

(0.03)

∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, · p < 0.1. Dependent tie is

dotted line. SEs in brackets below parameter estimates.

Manipulations

We use the four aforementioned groups of parameters, i.e. selection, influence,

and the latent confounds affecting opinion convergence and divergence, to as-

sess their unique effects when interacting with the rest of the model under the

computational experimental conditions. We apply four types of manipulation:

removing, halving, doubling and quintupling all parameters in a group. The

manipulation is thus based on intuitively defined multipliers answering ques-

tions of what the consequences would be in a similar society where these forces

were completely absent, substantially weakened, strengthened, or substantially

strengthened. We apply these manipulations to each of the four groups of pa-

rameters and treat the other parameters in line with one of three approaches

to the generative SAOM: holding constant all other parameters, re-estimating

all other parameters, or re-estimating density parameters6. For the full compu-

6 In one model, multiplying the strength of latent convergent tendencies by 5 and re-estimating

all other parameters, the model did not converge.
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Table 3.2: Main Stochastic Actor Oriented Model parameter estimates: Convergence

and divergence

Visual representation Effect Estimate

Latent convergence type 1, pos. att.b 0.28∗∗∗

(0.03)

Latent convergence type 1, neg. att.b 0.49∗∗∗

(0.09)

Latent convergence type 2, pos. att.b 0.07

(0.05)

Latent convergence type 2, neg. att.b 0.18∗∗∗

(0.05)

Latent divergence type 1, pos. att.ab 0.90∗∗∗

(0.13)

Latent divergence type 1, neg. att.ab 0.62∗∗∗

(0.09)

Latent divergence type 2, pos. att.ab 0.61∗∗∗

(0.12)

Latent divergence type 2, neg. att.ab 0.43∗∗

(0.15)

∗∗∗ p < 0.001, ∗∗ p < 0.01. Dependent tie is dotted line. SEs in brackets below parameter

estimates. bEstimate and SE multiplied by 100.
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tational experiment, this implies a 4x4x3 design. We simulate 900 runs for each

condition plus the baseline unmanipulated model7. These are denoted by their

adjusted parameter set (selection, influence, latent convergence, and latent di-

vergence), their numerical multiplier, and their estimation method (manipula-

tion only, density re-estimated, or all re-estimated).

Polarization

We capture polarization following Chapter 2 of this dissertation. In that work,

a two-dimensional approach to polarization was taken, and the following de-

scription is modestly adapted from it. Firstly, ideological polarization was

measured by the extent to which pairs of individuals consistently agreed or

disagreed in their attitudes, in the sense of ‘constraint’ or ‘alignment’ (Baldas-

sarri & Gelman, 2008; Converse, 1964; Kozlowski & Murphy, 2021). This may

be best related to common understandings of polarization as an ideological

phenomenon, such as in DiMaggio, Evans, and Bryson (1996), with the excep-

tion that we focus on a multidimensional understanding of polarization, as is

increasingly opted for by scholars in the field and in line with one of most

likely occurring forms of ideological polarization (Dinkelberg et al., 2021; Ko-

zlowski & Murphy, 2021; Schweighofer, Schweitzer, & Garcia, 2020). Secondly,

relational polarization was measured by the extent to which social ties were

present between agreeing, but not disagreeing, individuals, i.e. clustering of

balanced triads of people and attitudes (Cartwright & Harary, 1956; Heider,

1946). This relates most closely to affective polarization, potentially being a

downstream consequence of it (Iyengar et al., 2019), and thereby bears some

conceptual similarity to social-structural polarization (Baldassarri & Bearman,

2007) previously shown in online settings (Conover et al., 2011).

The metrics applied use relative frequencies of selected structural configu-

rations in the network: four-cycles of two people and two issues connected by

attitudes and triads of two people and an issue connected by friendship and

attitudes. The four-cycle structures in the network relate to the degree to which
7 due to space constraints on the high-performance computing cluster this is reduced from

the originally intended 1000; a number selected intuitively as a reasonable bound for robust

estimation.
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the network is ideologically polarized, and the triad structures to the degree

to which it is relationally polarized.

Ideological polarization. Proportions of the ordered sets of complete four-cycles

define ideological polarization. The count of four-cycles where a pair of indi-

viduals holds consistent attitudes towards a pair of issues, i.e. agreeing or

disagreeing on either set of issues, is taken as the numerator. These two struc-

tures are indicated by A and D , respectively. The denominator is the count of

these structures, and additionally, structures in which a pair of individuals do

not hold consistent attitudes towards pairs of issues, i.e. where the individuals

agree on one issue but not on another. These structures are represented by I

The first component of ideological polarization is ideological attraction; de-

fined as the proportion of cases where two people consistently agree on two

issues rather than having inconsistencies in their attitudes (measured by incon-

sistent four-cycles I ):

Ideological attraction =
# A

# A + # I
(3.1)

The second component of ideological polarization is ideological repulsion. This

is defined as the counterpart to ideological attraction, being the proportion of

cases where two people have consistently disagree on two issues rather than

having inconsistent attitudes on those issues:

Ideological repulsion =
# D

# D + # I
(3.2)

The two components can be interpreted as analogous to the probability of two

individuals agreeing on one issue if they agree (disagree) on another, given

that they hold non-neutral attitudes on both. The mean of the two component

metrics measures the level of ideological polarization: the probability of ob-

serving consistently agreeing or disagreeing attitudes relative to inconsistent

ones in pairs of individuals and issues. Formally this is:

Ideological polarization =
ideological repulsion + ideological attraction

2
(3.3)
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It is noteworthy at this point that the probability of two individuals agree-

ing is affected by various factors, which need not necessarily correspond to

polarization-specific explanations, such as the general prevalence of positive

and negative attitudes (the attitude network densities) and the different ten-

dencies of items to attract positive or negative attitudes (the item degrees).

The procedure for generating an expectation on these statistics given the

distribution of opinions and social ties in the network presented in Chapter 2 of

this dissertation is computationally intensive, and not amenable to the volume

of data generated in terms of the numbers of simulations and over time. For

this reason, we opt not to normalize this statistic.

Relational polarization. The metric of relational polarization is defined by two

components that relate to homophilous attraction and heterophilous repulsion.

Both are based on ordered triad counts: each triad is counted twice, once con-

sidering the potential friendship from individual i to individual j and once the

other way round, as in empirical data these are not guaranteed to co-occur. We

refer to these structures by the following symbols. The structure A represents

agreement among friends: they both support or oppose an issue. A represents

agreement in the absence of friendship. Together, these can be used to repre-

sent the extent to which people tend to be friends depending on their political

agreement. Similarly, D stands for disagreement between friends, and D for

disagreement in the absence of friendship. Counting these two structures in

the network can help to understand the extent to which people’s friendships

are structured in a way that avoids encountering disagreement.

The first component of relational polarization is relational attraction. An ap-

propriate statistic is calculated as the proportion of ordered triads in which

two individuals who agree on an issue are friends, out of all agreeing pairs of

individuals and an issue:

Relational attraction =
# A

# A + # A
(3.4)
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The second component is relational repulsion. This is defined as the ratio of or-

dered triads in which two individuals who disagree on an issue are not friends,

out of all disagreeing pairs of individuals and an issue:

Relational repulsion =
# D

# D + # D
(3.5)

The two components can be interpreted as the observed probabilities that a)

i considers j a friend given they agree on an issue and that b) i does not con-

sider j a friend given they disagree on an issue. The expected value of these

probabilities will be affected by the prevalence of friendship relations in the

sample (for example, equation 2.3 has an expectation equal to the friendship

network density if there is no relational attraction). For this reason, we nor-

malize by the density of the friendship network, giving an expectation of 0.5

under randomly distributed friendship ties. To do this, we multiply all triads

included in the calculation of a statistic by one minus the probability of the

social tie if the social tie is present, or by the probability of a social tie if it is

not present. With social tie probability p, this is formally:

Relational attraction =
# A (1 − p)

# A (1 − p) + # A p
(3.6)

and for relational repulsion:

Relational repulsion =
# D p

# D p + # D (1 − p)
(3.7)

and finally, we take the mean of these two measures to get the relational

polarization statistic:

Relational polarization =
relational repulsion + relational attraction

2
(3.8)

results

In the results, we examine the two-year period of forward simulations starting

from the last observation in our model (i.e. at the end of the academic year).
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Firstly, we take a look at a simple statistic: the density of each network. This

contextualizes our interpretation of the metrics of interest (polarization), as

one may judge polarization in a network with few ties quite differently to one

with more ties. These give different opportunities to agree or disagree with

connected others, and different opportunities for opinions to be more and less

opposed. Following the examination of the density, we examine the metrics

directly related to the outcomes of interest. Along the way, we also examine

plots of the resulting networks to get an idea of whether these networks are

intuitively plausible. Before examining the complete results of the computa-

tional experiment, however, we first show the behaviour of the model under

the baseline specification.

Network density

In Figure 3.2, the results of the forward simulation from the baseline model

for the density statistic are presented. Note the scale of the axes, as these are

quite small and in later figures are rescaled to the results presented. Quantile

intervals are presented rather than e.g. confidence intervals: under simulated

experiments, mean differences can arbitrarily made significant by increasing

the number of simulation runs. Quantiles instead present a more intuitive

understanding of possible outcomes. Here it can be seen that the friendship

network density drops slightly, before returning to approximately the baseline

level again at the final observation. In addition, as would be expected under

path-dependent stochastic processes, the interval of outcomes (in this case, the

50% interval) around the average grows over time. Opinions, however, drop

substantially in frequency to near-zero values and remain there. We see from

this that the given configuration of opinions is particularly unstable under the

model. It is notable that the minimum of friendship ties in the simulation oc-

curs just before opinions.
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In what follows, we show more complex plots, each one showing a different

set of effects adjusted in the model. To allow easier comparison between ma-

nipulation types within each set of adjusted effects, we present manipulations

of each set of parameters with the same y-axis scaling initially, followed by

rescaled plots where appropriate. In each plot, multipliers are represented by

colours, and the model estimation type is represented by different line types.

Moving to the results of the manipulations, we first examine influence, i.e.

the tendency to adopt alters’ opinions, presented in Figure 3.3. It is apparent

here that synthetically increasing influence to five times its estimated value

without re-estimating the model in any way causes increased density in both

the opinion and the friendship networks. Zooming in on the regions where the

rest of the values lay in Figure 3.4, even at this high resolution, does not show

particularly separated densities under different conditions. Counter-intuitively,

the re-estimation of density under a five times multiplier ends up with the

lowest densities in all networks presented, whereas a zero times multiplier

results in the highest in the two opinion networks.

Examining (homophilous) selection, i.e. the tendency to choose to connect

to alters with more similar opinions, very similar effects can be seen in the

opinion networks, but quite different ones in the social network, as seen in

Figure 3.5 and with a truncated y-axis in Figure 3.6. In the opinion networks,

again, a drop is seen. All conditions are quite tightly grouped. Looking at the

friendship network densities, different results are apparent. Here, as the ho-

mophilous forces increase, the relative number of ties decreases. Beyond this,

re-estimating models results in similar trends regardless of the method of re-

estimation, with a reduction in selection resulting in more social ties, and an

increase resulting in fewer ties over time. On the other hand, manipulating

parameters without re-estimation results in the opposite effect, presumably

owing to the fact that an isolated increase in a parameter representing an in-

creased tendency to connect to others the more opinions they share, means that

the average tie probability is increased. While the densities of the friendship

networks without re-estimation largely follow the baseline and are ordered by

their magnitude, a five times selection multiplier increases much more rapidly

than others, then remaining roughly stable for the duration of the simulation.
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Finally, the latent forces show the biggest changes in densities. With five

times increased latent forces and without re-estimation, all networks rapidly

increase in density, as shown in Figures 3.7 and 3.9. This particularly affects the

opinion networks, which become completely saturated. Similar effects occur

for the two times multiplier on latent convergence (Figure 3.7).

Where convergent latent factors are strengthened and (parts of) the model

re-estimated, a rapid increase in frequencies of opinions are noticeable in the

positive and negative networks. Interestingly, a larger multiplier typically leads

to a relative decrease in final density in the opinion and friendship networks.

A similar pattern is observed in the case of divergent latent factors; increased

multipliers tend to mean lower overall densities at the end of simulation in

the case of the opinion networks, though overall densities remain more similar

across conditions. This inverse relationship between density and multiplier is

not observed in friendship networks, and only under a five times multiplier

does the trend diverge from the others in a faster increase.
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Summary of density results

Summarizing the effects of manipulations on the opinion networks, it is firstly

apparent that the densities of the political attitude networks observed un-

der the two kinds of model re-estimation (i.e. re-estimating density or re-

estimating all non-focal parameters) are reasonably similar, more so than sim-

ulation without re-estimation. Secondly, the densities of the political attitude

networks largely follow similar trajectories under manipulation of either se-

lection or influence, with the tightest grouping under manipulations of selec-

tion – an effect which does not directly change the political attitude network.

Thirdly, detailing more on the previous point, the density of the political atti-

tude networks typically drops over the course of time from the observed data.

This stabilizes between 0 and 0.1 when manipulating the social parameters (se-

lection and influence), and typically between 0.0 and 0.2 when manipulating

latent convergence and divergence. Several notable exceptions remain. When

increasing the parameters of latent forces, the combined density of the two

networks goes to one when the rest of the model is not re-estimated. When

only the density parameter is re-estimated, the observed density drops near to

zero. For the influence effects, the saturation of the political opinion networks

occurs only when the parameter is multiplied by five, and is not reached by

the end of the simulation. Interestingly, when re-estimating the model with the

latent force parameters set to zero, the density increases rapidly too, but pri-

marily for the positive opinion network. This is likely due to indegree effects

on specific opinions, combined with a larger number of positive opinions than

negative opinions at the start of observation.

Turning to the friendship network, it is first observed that manipulating

selection leads to large differences in trajectories of densities, as might be ex-

pected: selection directly affects the social ties individuals hold. More notably,

manipulating the latent forces has similar overall effects. Second, a similar

pattern can be seen in friendship density as compared to political opinion

density: under increased latent forces without re-estimation, density contin-

ually increases (but does not stabilize by the end of the simulation period).

Under the manipulation of the influence parameters to five times their orig-

inal size, without re-estimation of the model, friendship density also trends
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steeply upwards, although all other conditions have tightly grouped trajec-

tories. Interestingly, under both re-estimation conditions when manipulating

selection parameters, the smaller the parameter, the higher the final network

density. The re-estimation method seems to matter less than the multiplier, as

the conditions are tightly grouped. On the other hand, manipulation without

re-estimation is grouped quite neatly around the baseline simulation, with the

exception of the five times multiplier which is reasonably stable but higher

than these other conditions.

Polarization

First, we again examine plots of the baseline model on both relational and

ideological polarization in Figure 3.12 and Figure 3.11. These metrics range

from zero to one8.

In both cases, a drop in the overall level of polarization in both ideological

and relational senses can be observed. This tendency appears to decelerate

over time – indeed appearing somewhat stable by the end of the simulation

for relational polarization, but less clearly for ideological polarization. Notably,

relational polarization on average remains above the 0.5 expectation under a

random distribution of attitudes.

Continuing to the computational experiment conditions, results of the sim-

ulations on the focal metrics, relational and ideological polarization, are pre-

sented in Figures 3.13, 3.15, 3.16 and 3.18.

As with the baseline model, the level of ideological polarization decreases

over time under all manipulations of influence and selection. One exception to

the general decrease in ideological polarization here is that when the rest of

the model is not re-estimated and influence is multiplied by five, ideological

polarization on average increases rapidly after an initial slight drop, eventually

ending above the 0.5 midpoint of the measure. In the remaining two models

with a five times multiplier, there is a slowing but not a reversal of the decrease

8 Note that ideological polarization is biased downwards by a shared component of the denom-

inator in both the repulsion and attraction dimensions: namely, the asymmetric four-cycles

where individuals agree on one topic but not another. Relational polarization is expected to

be .5 under complete absence of sorting of attitudes amongst friends.
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Figure 3.11: Change in ideological polarization under the baseline model. Ribbons

indicate lower 25% to upper 75% quantiles.
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Figure 3.12: Change in relational polarization under the baseline model. Ribbons in-

dicate lower 25% to upper 75% quantiles.
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in ideological polarization under both re-estimated conditions. Both trendlines

remain above all others during the initial drop, although this effect seems to

wear off under the condition of re-estimated density towards the end of the

simulation period, and for both of these models, the variability of the out-

comes is large. Selection’s effects on ideological polarization do not appear so

impactful in forward simulation, with no clear differentiation on the timespan

of the simulation.

Turning to the impact of latent convergence on relational polarization, it can

again be observed that an increase in latent forces at the five times multiplier

leads to starker differences relative to the social parameters of selection and

influence. As mentioned before, only one of the two re-estimation methods re-

sulted in a converging model. With density re-estimated, this multiplier leads

to an initial increase followed by a brief drop. A similar pattern is shown also

with a two times multiplier, and for both of these density-reestimated mod-

els, the level of relational polarization becomes quite unstable relative to the

other conditions and baseline. Indeed, after month nine, most simulations for

density-reestimated models with a five times multiplier return to the midpoint

for relational polarization leading to the interval becoming very narrow9. This

is contextualised by the results regarding network density: as described above,

the number of political attitude ties becomes particularly low when increas-

ing the effects of latent convergence and re-estimating model density, so few

changes in attitudes can lead to larger changes in the level of polarization.

Manipulating the parameters without re-estimation surprisingly leads to more

stable changes, with the level of relational polarization showing an overall drop

relative to the start of the simulation grouped tightly together, but nonetheless

largely ordered according to the parameter multipliers. This suggests a near-

universal trend towards decreasing of relational polarization to near-random

levels, with slight differences in final values determined by the strength of the

latent forces.

9 Further examination of the data revealed that these values tend to be bunched either in the

middle or at the two outer edges of the distribution, hence the disappearing interval.
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Figure 3.13: Change in ideological polarization when manipulating the influence pa-

rameters. Ribbons indicate lower 25% to upper 75% quantiles.
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Figure 3.14: Truncated y-scale of change in ideological polarization when manipulat-

ing the influence parameters. Ribbons indicate lower 25% to upper 75% quantiles.
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Figure 3.15: Change in ideological polarization when manipulating the selection pa-

rameters. Ribbons indicate lower 25% to upper 75% quantiles.
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Figure 3.16: Change in relational polarization when manipulating latent forces. Rib-

bons indicate lower 25% to upper 75% quantiles. Due to near-zero densities of the

opinion networks, relational polarization varies very little after the 9th month.
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Figure 3.17: Truncated y-scale of change in relational polarization when manipulating

latent convergence. Ribbons indicate lower 25% to upper 75% quantiles. Due to near-

zero densities of the opinion networks, relational polarization varies very little after

the 9th month.
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Figure 3.18: Change in relational polarization when manipulating latent divergence.

Ribbons indicate lower 25% to upper 75% quantiles.
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Figure 3.19: Truncated y-scale of change in relational polarization when manipulating

latent divergence. Ribbons indicate lower 25% to upper 75% quantiles.
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Summary of polarization results

Overall, polarization tends to go down under all manipulations and both in

relational and ideological terms. This tendency is circumscribed by a drop

in density of political attitudes, and an increase in friendships. Most differ-

entiation between models is seen when increasing parameters substantially,

whereas decrease and removal does not cause a substantial change over the

course of the simulation.

discussion

In this study, we examined the consequences of empirically observed processes

of political selection and influence, and latent attitudinal convergence and di-

vergence in a small, real-world friendship network of students. Drawing on

calls for a stronger specification of the reality underpinning agent-based mod-

els, we applied a stochastic actor-oriented model as a simulation engine and

demonstrated three methods for its use. This offered us several advantages

over standard ways of specifying ABMs. These include the testing of proposed

mechanisms against real data, allowing an empirical estimate of the strength

of these tendencies, a stricter specification of social ties, which are now also

permitted to follow an endogenous and dynamic model, and finally, the possi-

bility to specify a time frame based on the estimated rate of change in empirical

data, allowing us to specify a time frame of two years. In what follows, we con-

sider the results in light of the empirical case, followed by a discussion of the

modelling methods applied.

Observed model outcomes

Using the SAOM, we assumed sequential updating with a probabilistic update

function to examine the long-term consequences of the observed processes and

the sensitivity of the system to change. Applying previously-defined statis-

tics capturing both relational and ideological facets of polarization, we found
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that the group of students studied tended to decrease in polarization on both

facets, preferring to maintain more friendships and fewer political opinions.

While an increase in social influence would have slowed this drop in ideo-

logical polarization, the end result appeared quite similar with the exception

of one re-estimated model and a model without re-estimation. The former of

these suggested slightly more ideological polarization, and the latter dramati-

cally more polarization by the end of the simulation. A change in homophilous

selection had very little impact on polarization. Changes in latent forces had

relatively large effects on polarization, with a clear association between the

magnitude of parameters and the tendency towards polarization. Nonetheless,

caution is warranted due to rapidly changing estimates brought about by a

tendency towards extremely low densities under a density-reestimated speci-

fication. Overall, these results suggest two conclusions about this community:

First, even with stronger tendencies towards forces often considered polarizing,

the tendency would be to become less fractured by political attitudes. Simpler

ABMs will tend to find e.g. consensus or polarization as a guaranteed outcome

under some specifications (Flache et al., 2017), where we highlight an impor-

tant point that in a reasonably specified timeframe, stable points of our metrics

of polarization do not necessarily fall to the extremes. Second, relational polar-

ization is affected much more by unobserved processes than ideological polar-

ization is affected by observed ones, as indicated by the stronger sensitivity of

polarization outcomes to changes in the four-cycle parameters indicating ten-

dencies towards latent (dis)agreement maximization. This latter finding points

towards exogenous factors (such as media environments) affecting how indi-

viduals are grouped with like-minded others.

Comparing modelling methods

Turning to variations in the model reestimation procedure, a key observation is

that both density and full-model re-estimation methods tend to group together

under equal parameter multipliers. This implies that these are producing sim-

ilar networks for the metrics of interest, and that these alternative plausible

explanations of the original data do not differ dramatically in consequence.
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On the other hand, models produced via manipulation without re-estimation

caused one case of extreme polarization, and resulted in fast increases in the

density of the friendship network and saturation of the political attitude net-

work. Heuristically, such extreme and rapid results suggest that these are the

least plausible models of polarization presented in this research, while the less

extreme results are more plausible. At least, this is the case if we assume that

it is not a common occurrence that dramatic, multidimensional political fault

lines emerge in a relatively short period amongst cohorts of students.

Although more plausible than a manipulation-only condition in terms of

outcome, the reestimation methods applied deserve some attention: Questions

remain about the validity of re-estimating a model with parameters partially

fixed, and may depend on the desired purpose for using these methods. In the

current paper, we have examined the effects of causes, not the causes of effects.

That is to say that while we might validate our model against real data (i.e.

‘effects’) and seek to improve it via the addition of further structural terms (i.e.

‘causes’) to the model, we are doing something fundamentally different than

examining what would happen to levels of polarization in the counterfactual

case that moderating effects of context change the forces which adjust opinions

and social ties. We do not yet truly understand the processes by which social

and opinion networks form – instead taking a structural-statistical approach,

and atheoretically re-estimating relevant parameters. Under what conditions

would these changes to the strength of processes be most plausible? Do they

continue to represent the network’s development well over time? These ques-

tions are important but difficult to answer.

With this in mind, by interpreting models such as the ones presented in

this work, we may fix parameters to understand consequences of a process.

This does not carry with it the assumption that these manipulated parameters

are the true effects, but shows how sensitive the outcome, polarization, is to

changes in the theorized causal parameters. This does not guarantee that the

observed data are explained by a model with these manipulated parameter

values.

If the model does explain the data (i.e. if fit is adequate under re-estimation),

however, it shows us that these potential parameter sizes could already be
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consistent with reality, and may shed some light on the real trajectory of the

network in question.

Model interpretability and limitations

Some further points remain as to the interpretability of this collection of mod-

els, with the novel empirical calibration applied. Firstly, the polarization met-

rics tend to vary quite substantially under some conditions. In some cases, this

indicates only a few opinions or a few individuals holding an opinion. This

reduced-issue focus initially seems undesirable, but it may actually be more

interpretable than at first glance. Particularly in the former case, it is entirely

plausible that a single attitudinal object is the focus of some fracturing in a

social group. Indeed, single-issue differences of opinion have been considered

evidence of polarization, both in ABM research (DeGroot, 1974; French, 1956;

Hegselmann, Krause, et al., 2002) and empirical research (Bramson et al., 2016;

DiMaggio, Evans, & Bryson, 1996; Fiorina & Abrams, 2008). On the other hand,

rapid switching of the level of polarization due to (few) polarized issues does

suggest deviation from realism in either the model or the conceptual measure

of polarization.

Secondly, the model we use explains the structure of the network in ag-

gregated time well, but when examining wave-by-wave the fit is closer to a

significant deviation from observation. This hampers the ability to draw a pre-

dictive interpretation in particular from forward simulation. However, we do

believe it shines some light on what the estimated processes’ consequences are

in general in terms of their impact on the network’s development.

Thirdly, the two-year period applied is somewhat arbitrary, determined on

the basis of practical constraints such as computational manageability but also

on what seems ‘reasonable’. Not all metrics are stabilized under all models

with this simulation period, unlike many other ABM research projects which

simulate until stable. Nonetheless, keeping a reasonable simulation window

when a time window is specifiable is a justified choice – we would like to

know about tendencies for a (somewhat) foreseeable future. One could ques-

tion whether we should indeed think of two years as a reasonable simulation
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period; the student community did not exist past its third year (and we sim-

ulate from the end of the first 9-month academic period), implying that the

network boundaries would disintegrate then. Indeed, we know that the bound-

aries substantially changed in the period following that in which we collected

the data used to estimate the model. This would have the potential to change

network dynamics, particularly if the selection is non-random. For instance,

one could ask whether students with unpopular opinions are less likely to in-

tegrate socially, and therefore drop out. In sum, these considerations suggest

we should not look at this model as a direct predictive tool, but as a model

giving some suggestion of ordering and magnitude of different effects’ conse-

quences in the near future.

If we nonetheless were to examine the models’ consequences, we propose

that we should consider the following: Firstly, we should carefully consider

the duration of the simulation – if we estimate a model on data collected three

months apart, we should not simulate 100 years ahead. Our cohort would have

been almost entirely replaced, both in terms of their existence in the long term,

but also in their short-term inclusion in the boundaries of the network due

to the undergraduate setting. Indeed, data from later in the students’ studies

exist, but due to the substantial change in the composition of the network,

and increasing non-response, it would be hard to justify applying the same

model estimates to this data given the scaling issues in generative network

models (Duxbury, 2021; Vörös et al., 2021). Secondly, we should also assume

that these processes cannot continue indefinitely. At some point, any given

issue may become nearly completely irrelevant and therefore less subject to

change or important in selecting social ties, or social ties may be so strongly

developed that we would no longer expect them to disappear. For at least these

two reasons, shorter time frames make for more plausible extrapolation.

conclusion

As argued in Chapter 2 of this dissertation, we believe that the data set used

is one of the most appropriate in current existence to the type of network
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model estimated here. Given this, the observation that socially-driven effects

occurring within the network are of relatively low impact on polarization is

an important one. Aside from assumptions on time, tie types, and dynamics

covered directly, this observation draws into further question the explanatory

capabilities of many agent-based models of opinions in social networks: un-

der which conditions should the commonly applied influence processes be

expected to reflect reality, and at what timescale? Would such a timescale ever

be realistic with regard to boundary changes in the network? Future research

should aim to answer these questions more precisely. Extending to data sets

similar to that applied in this paper would aid in understanding the replicabil-

ity and generalizability of these results. More broadly, the use of the SAOM as

an ABM tool is a promising step to link ABMs of actors in networks on varied

topics to reality, and may benefit users of both approaches.
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4
C H A P T E R 4 – D O E S P O L I T I C A L D I S C U S S I O N C H A N N E L
S H O R T-T E R M V OT E I N F L U E N C E ?

This paper examines effects of political discussants and friends on individuals’

choice to vote and choice of vote in the unique context of Switzerland’s direct

democracy. With a pre-post test design spanning multiple referenda, I test for

assimilative influence on choosing to vote and how one votes. I furthermore

examine whether undecided individuals are more likely to be influenced, and

whether this effect is strongest amongst the politically interested. I addition-

ally consider the effects of political knowledge as a cause of reduced influ-

ence from discussants. Testing theories of disagreement’s effects on turnout,

I also consider effects of being isolated in one’s opinion. Overall, results of

a permutation-based analysis of three cohorts of university students provide

moderate support for any of the hypotheses: although correlations are found

between individuals’ and their discussants’ vote choices, these disappear once

controlling for pre-referendum intentions, making a suggestion that there is

primarily homophilous selection. Amongst friends, controlling for prior vot-

ing intentions nonetheless suggests influence on choice of and choice to vote.

Opinion isolation is too rare to be tested as a factor in voting behaviour in both

networks, and no differences are observed between the undecided, the more

interested, or knowledgeable in their susceptibility to influence.

This article is currently in preparation as:

Mepham, K. (TBD). Do political discussion networks channel vote influence?
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introduction

Political discussion is a fundamental part of a functioning democracy. Ex-

change amongst individuals may cause one to gather new information, un-

derstand other unconsidered sides of an issue, or apply heuristics ultimately

to choose the ‘correct’ side of an issue or party to stand with; i.e. aligned with

one’s interests and values (Downs, 1957; Huckfeldt & Sprague, 1995; Richey,

2008). Beyond such benefits, political discussion may inform one of the social

norms surrounding participation such as turnout, or foster a sense of civic en-

gagement (Klofstad, 2015; McClurg, 2003, 2006), enhancing or depressing the

societal consequences of one’s position. In this paper, I examine whether there

are potential normative and/or informational effects of one’s political discus-

sants on individuals’ turnout (i.e., the choice to vote) and on the choice one

makes once one has decided to vote (i.e., the choice of vote).

Three core contributions in this work are the following: firstly the unique

whole-network longitudinal network data which overcomes the predominance

of self-reports used elsewhere. Secondly, I use pre- and post-vote measures of

voting intentions, which allows for stronger causal inference on social influ-

ence than cross-sectional designs (for instance, studies using the international

Comparative National Election Project surveys, or the U.S. General Social Sur-

vey, but see Baker, Ames, & Renno, 2006; Huckfeldt & Sprague, 1995). Third, I

contribute in a new voting context by using specific policy votes as the subject

of influence: I study direct-democratic referenda in Switzerland.

In addition, I consider differential effects on the potentially impactful un-

decided voters. Previous investigations have often focused on the effects of

media campaigns and individual attributes such as implicit attitudes in deter-

mining the undecideds’ ultimate choices in voting, to mixed results (Friese et

al., 2012; Hopmann et al., 2010; Raccuia, 2016, but see also Ohme, De Vreese

& Albaek, 2018), limited to an atomistic analysis by omitting the potentially

impactful functions of discussion networks. Finally, I explore potential mod-

erating roles of political interest and knowledge. These tests are made in the

case of the direct-democratic Swiss system, with the aim of understanding

the effects of alters’ opinions on voting behaviour, testing for social influence
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in terms of adoption of others’ behaviour turnout. In a relatively short time

window preceding and following referenda on the popular ballot, I examine

whether there is a correlation between individuals’ votes and that of their po-

litical discussants within the cohort of students in which they are embedded.

I examine their choice to vote, and, conditional on their voting, their choice of

vote.

The Swiss direct democracy offers an interesting case to study, and social

network effects have received very little attention in this context. At four sched-

uled opportunities per year, there are popular votes on changes to the constitu-

tion, changes to laws approved by the federal assembly and against which at

least 50,000 people register their opposition, and popular initiatives; changes

to the constitution proposed by citizens to which at least 100,000 register their

support. Turnout in the votes studied here ranged from 34.5% to 54.8% at

the population level (Federal Statistical Office, 2017, 2018), though turnout

amongst the respondents in our sample is much higher (see Table 4.1)1. Mul-

tiple issues can appear on the ballot at the same time, and turnout for these

simultaneously-treated issues typically differs by less than half of a percentage

point. Overall, this makes the question of turnout particularly interesting, as

multiple topically independent issues have an impact on the representativeness

of the voting outcome. The effects of political discussants are understudied in

this context focused on such single issues. While electoral votes have been

subject to frequent examination (Rolfe & Chan, 2017; Santoro & Beck, 2016)

these are arguably a priori much more polarized. Where individuals’ opinions

and partisanship are stronger and deeper seated, they may apply motivated

reasoning; simply picking and choosing the information they attend to, and in-

terpreting opposed information in ways that can justify or otherwise reinforce

their existing opinion (Lord, Ross, & Lepper, 1979; Taber & Lodge, 2006). Opin-

ions surrounding referenda are less intense and more subject to change from

outside influence than opinions on political parties, though some topics such

as COVID measures attracted higher public interest as reflected in turnout

(Federal Statistical Office, 2021).

1 This aligns with statistics on education and turnout in referendum votes in Switzerland, see

VOTO (2022).
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Whole networks and political outcomes

I use data from the Swiss StudentLife Study, a longitudinal, whole network

panel study of three cohorts of undergraduate students at a Swiss technical

university (Vörös et al., 2021). Data include measures of political discussion

networks, voting behaviour, and other potentially relevant attributes of partic-

ipants. Employing panel data, in particular around the period of the relevant

vote in a way that allows for a baseline test of opinion and thereby stronger

inference (e.g. Bello & Rolfe, 2014). The Swiss referendum context – where

vote decisions may be made relatively late and are based on more volatile

opinions (LeDuc, 2007) are a potential ground where discussant influence may

be heightened, and in this university context where voting behaviour may be

more susceptible to change (Bhatti & Hansen, 2012) this effect may be further

enhanced.

Whole network data allow for better inference of influence, when consid-

ering that individuals tend to show a bias towards perceiving agreement in

their online friendship network even given political discussion (i.e., agreement

is perceived as even higher than the already increased baseline agreement

between friends compared to random pairs of individuals; (Goel, Mason, &

Watts, 2010; Laumann, 1969). This may be driven by preferential exposure of

one’s opinions to those expected to share that opinion, hiding one’s opinion

when it is expected to be unpopular, or indeed stereotyping (Cowan & Bal-

dassarri, 2018; Goel, Mason, & Watts, 2010; Noelle-Neumann, 1974). Whole

network designs such as the one advanced in the current study offer a similar

advantage to the limited previous work applying snowball samples to elec-

toral votes; providing self-reports of alters’ opinions and choices (Baker, Ames,

& Renno, 2006; Huckfeldt & Sprague, 1995).

Whole network studies in other university settings have found mixed effects

of social ties on political attitudes and behaviours (Campos, Hargreaves Heap,

& Leite Lopez de Leon, 2017; Lazer et al., 2010; Levitan & Visser, 2009) though

typically these do not include explicit political discussion ties. In other work

on this sample, evidence of friendship homophily when aggregated across

multiple political issues over a year has been demonstrated (see Chapter 1 of

this dissertation; Mepham, Vörös, & Stadtfeld, 2022). In general, however, evi-
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dence is mixed. Lazer et al. (2010) found no evidence of political partisanship-

friendship homophily, although evidence of influence was found in their sam-

ple of public policy university students. Campos, Hargreaves Heap, and Leite

Lopez de Leon (2017), in contrast, find no effect of peers on partisanship. They

find that peer political engagement, with peers operationalized as those shar-

ing a classroom, reduces partisan extremity and weak evidence that electoral

turnout may be reduced. The context studied in Lazer and colleagues’ as well

as Campos and colleagues’ studies related directly to partisanship, in opposi-

tion to the current study. Levitan and Visser (2009) demonstrated in a quasi-

experimental design that network opinion heterogeneity may reduce attitudi-

nal strength, potentially explaining results on opinion diversity and voting

(Bello, 2012; Nir, 2011). Overall, evidence on relatively frequent, low-stakes

single-issue votes in referenda, especially in combination with discussion net-

works, is absent.

Using the current design, I estimate the effect of one’s local network on nine

referendum issues. Single-shot, post-vote design estimates of alter (i.e., dis-

cussant) and ego (i.e. focal individual) vote choice influence effects are likely

confounded by effects operating on longer time frames, and potentially ho-

mophily effects (Shalizi & Thomas, 2011). On the other hand, short-term ef-

fects as might be expected in the context of frequent referenda should be less

affected by such confounding. In this way, the current study has several advan-

tages over much previous work: capturing pre- and post- vote plans, using ego

and alter self-reports of votes and opinions, and examining the effects of social

networks on voting in the unique context of Swiss direct-democratic referenda.

In what follows, I focus first on turnout, or the choice to vote, then turn to the

choice of vote.

Turnout and the choice to vote

One factor explaining turnout may be the endogeneity of voting operating

through the discussion network. Individuals’ voting behaviours may be shaped

by those of their political discussants. Some studies suggest a net benefit to

turnout from political discussion in general (regardless of the intended be-
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haviour of alters; Klofstad, 2007, 2015; McClurg, 2003). Another consideration

here is related to the norms of individuals involved in the conversation2. If

those who discuss politics are interested in politics, they are also more likely

to vote. This may result in normative pressure encouraging egos to adopt the

behaviour of their alters; as the proportion of voters amongst those with whom

one discusses politics increases, so might one’s own propensity to vote. The

behaviour of one’s (online) social contacts has previously provided evidence

supportive of such effects (e.g. Bond et al., 2012; Jones et al., 2017), and ex-

perimental work has suggested that turnout is affected by one’s household

co-residents (Nickerson, 2008). A study of first-time voters in Denmark has

suggested that changes in social networks associated with leaving the parents’

home could also cause changes in turnout (Bhatti & Hansen, 2012). This hy-

pothesis is of particular relevance in the current data, which concerns recently

started undergraduate students. Assuming that a normative pressure may in-

deed affect voting behaviour, Hypothesis 1 is thus:

H1: As the proportion of voting alters increases, so does ego’s propensity to

vote3.

2 While one function of discussant alters is providing information on how to vote (Klofstad, 2015;

McClurg, 2003), postal voting is employed in Switzerland. Individuals receive the necessary

documents to vote by mail, and may send them by mail too. This limits the potential of alters

to provide information about the voting procedure itself.
3 Related to this issue, within the political discussion networks literature a debate has continued

on the effects of disagreement. While a recent meta-analysis finds no evidence of an effect of

cross-cutting exposure (Matthes et al., 2019), some suggest that disagreement reduces polit-

ical participation including turnout (Klofstad, Sokhey, & McClurg, 2013; Mutz, 2002, 2006),

others suggest an increase (Scheufele et al., 2004), and some find small-to-nil effects (Huck-

feldt, Mendez, & Osborn, 2004; Nieuwbeerta & Flap, 2000). One potential explanation for

these mixed results not considered in the aforementioned meta-analysis is given both by Jason

Bello (2012) and Lilach Nir (2011): opinion isolation (also termed ‘oppositional networks’), i.e.

being the sole holder of a specific opinion in one’s egocentric discussion network, reduces

one’s propensity towards political activity such as voting.Nir also notes weaker evidence that

consensus results in such a reduction in the propensity to vote. Such results are potentially ex-

plained in two ways; in light of new information an actor might be less certain of their opinion

and therefore more hesitant to vote, or in the case of publicly observable actions, might be con-

cerned about the consequences of violating social norms (Hopmann, 2012). On the other hand,

Nir’s results surrounding consensus suggest that when an issue is already settled, individuals
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Choice of vote

Beyond affecting turnout, political discussions in our social networks have long

been considered crucial in the formation of mass opinions. Discussants may

convey new information in the form of arguments, heuristic information, or

social norms, all of which may affect individuals’ opinions, and potentially,

behaviour (Downs, 1957; Hopmann, Matthes, & Nir, 2015; Lazarsfeld, Berelson,

& Gaudet, 1944). Early empirical examinations of social influence on voting in

sociology include works suggesting that individuals look to their alters for

political information. Seminal work by Katz and Lazarsfeld (1955), attempting

to establish the effects of media campaigns, lead to a theory of a two-step flow

of communication: Opinion leaders who are particularly engaged in a given

domain mediate media campaigns’ effects on many people. These individuals

discuss with others, potentially influencing their opinions and decisions on

the basis of their acquired information. In Switzerland, many people follow

governmental recommendations in their choice of vote. However, not everyone

attends directly to the information which the government offers (Trechsel &

Sciarini, 1998), leaving open the possibility of alters to influence via sharing

this, and other information.

One central debate surrounding a finding of cross-sectional homophily (i.e.

greater than chance probability of individuals sharing an opinion; McPherson,

Smith-Lovin, & Cook, 2001) in political networks questioned the direction of

causality; are individuals influencing one another to become more similar, or

are they selecting each other on the basis of political opinion4? While one

do not vote as they expect it to make no difference. Pattie and Johnston (2009) suggest that

private forms of political participation (such as voting) on issues for which one is not a strong

partisan may be suppressed when exposed to disagreement. In the context of the referendum

voting, too, we may then expect an effect of isolation. Thus, a hypothesis was initially formu-

lated that individuals isolated in their views are less likely to vote. However, this hypothesis

proved untestable, as only one participant was found to be isolated in their views.

4 This stands aside from the issue of context; individuals are often nested in social contexts with

reasonably high levels of homogeneity from the outset, meaning that random partner selection

in one’s local context may lead to the appearance of many homophilous ties if examined from

a higher level; see e.g.Huckfeldt and Sprague (1995).
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cannot say that this debate is fully settled, the evidence thus far has leaned

in the direction of influence being a more reliably detectable force than se-

lection, with some suggestion that political discussions are not particularly

homophilous nor intentional, instead being mostly incidental to other rela-

tionships (Bello, 2012; Levitan & Visser, 2009; Minozzi et al., 2020; Sokhey &

Djupe, 2011). Given the relative weakness of referendum issue opinions under

study in this work, it is implausible that these kinds of political discussions

are selected on prior shared beliefs on the subject matter. Interestingly, while

seminal work on the matter of political discussant effects included opinions

of the alters as reported by the alters themselves (Huckfeldt & Sprague, 1995),

most research on this topic has operationalized the network-opinion context

via egocentric reports. These have focused on the ego’s perceived level of dis-

agreement in the network, or on their beliefs about their alters’ opinions (e.g.,

Bello & Rolfe, 2014; Huckfeldt, Mendez, & Osborn, 2004; Nieuwbeerta & Flap,

2000). This leaves a discrepancy between political influence research as prac-

ticed and two key findings in the literature. Firstly, research shows that individ-

uals may be inclined to hide their true opinions when these are expected to be

opposed to their alters’, particularly if they expect to be in a minority (Cowan

& Baldassarri, 2018; Noelle-Neumann, 1974). Furthermore, discrepancies have

been found between perceived and actual opinions of one’s social ties (Goel,

Mason & Watts 2010; Huckfeldt & Sprague, 1995, pp.131; Laumann, 1969; Lev-

itan & Visser, 2009), with a tendency to over-perceive alters’ agreement with

an ego. Understanding whether there is assimilative social influence, then, re-

quires both the ego’s and their alters’ self-reports of their opinions and choices.

Previous work has found evidence of an assimilative influence on electoral

voting in countries such as Brazil, Germany, Japan, the Netherlands (Nieuw-

beerta & Flap, 2000) US, and the UK (see Santoro & Beck, 2016, for a review).

Similarly, I hypothesize that in this single-issue context that

H2: Ego’s choice of vote will tend to change towards that corresponding to

(the average of) their alters’ support or opposition of the relevant issue.

A critical issue is how and whether people take sides when they are unde-

cided. In the current context of often-divided votes (such as the Brexit refer-
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endum or the election of President Trump) these are of particular interest, as

small shifts in the ultimate choices of the undecided could affect the outcome.

Previous work has primarily focused on micro-level attributes such as implicit

attitudes or macro-level campaign effects (Friese et al., 2012; Hopmann et al.,

2010; Raccuia, 2016), with some distinction made between ambivalent (i.e. in-

terested, but uncertain) and disinterested undecided voters (Ryan, 2017). Those

who are undecided but aim to vote are obviously motivated to vote, but pre-

sumably insufficiently informed to make a final decision, holding potentially

ambivalent attitudes or insufficient exposure to information to induce strong

attitudes (Ryan, 2017). Given this combination of motivation and undecided-

ness, information should have a greater impact on their final choice than on

those who are already decided. Political discussion alters may then also have a

greater influence on them; the undecided’s ultimate choice could be decided by

alters’ information about how others are voting; allowing for heuristic choices,

about arguments relating to the vote, or how they should weigh the various

relevant considerations. One might expect that the undecided intended voters

are more likely subject to environmental influences such as that of their alters:

to fulfill of casting a meaningful, ‘correct’ vote, they must gather information

to make their decision.

H3: If ego is undecided, the assimilative effect of alters is stronger than for

decided voters who had already decided at pre-test.

In early communications research, sender and receiver characteristics were

suggested to be of importance in considering whether an influence attempt

will be successful (Hovland, Janis, & Kelley, 1953; Hovland & Weiss, 1951).

Later research has specified that those with stronger initial opinions, but also

more informed individuals are less likely to change their mind in the face

of new information (Kazee, 1981; Zhang, 2019). Reasons for this include a

potential ability to apply stronger motivated reasoning, i.e. reasoning in favour

of existing beliefs, and the potential that their opinions are already based on

more information in general, so new arguments are less likely to outweigh the

old.
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H4a: Ego’s pre-existing knowledge of an issue will make them more resistant

to alters’ influence.

Considering these individual attributes further, it stands to reason that the

undecided and interested would be more likely to be more influenced by their

environment: they would be more motivated to inform themselves when the

opportunity arises. This bears some similarity to the division between the un-

decided but ambivalent and undecided but apathetic division (Ryan, 2017).

Those most interested should not be apathetic and therefore should be more

likely to seek out more information.

H4b: The effect on the undecided is strongest amongst those who are most

politically interested.

While these hypotheses are made specifically on political discussants in line

with prior literature, I also examine identical main models replacing political

discussion variables with friendship-based equivalents. This is due to prob-

lems in the definition of political discussion ties, particularly for the respon-

dents. For instance, one might ask what a discussion is, compared to one-sided

divulgence of (political) information; or have difficulty determining what is

‘political’ (Hopmann, Matthes, & Nir, 2015). In addition, memory of interac-

tions, in general, may be poor (Bernard & Killworth, 1977; Kashy & Kenny,

1990; Killworth & Bernard, 1976), and political discussions are often embedded

in, and incidental to relations such as friendship (Bello & Rolfe, 2014; Levitan

& Visser, 2009; Marsden, 1987; Minozzi et al., 2020; Sokhey & Djupe, 2011).

Potentially the friendship measure captures political conversations where they

go unmeasured, so it is therefore treated as a probably over-inclusive proxy

for the focal independent variable.
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methods

Data

5Data are drawn from the Swiss StudentLife Study, a study that monitored

three cohorts of Swiss STEM undergraduate students at an elite technical

university (N1 = 253, N2 = 261, N3 = 660; Elmer et al., 2022; Vörös et al.,

2021). This study monitored numerous aspects of the development of the stu-

dents’ social networks and social integration, including political opinions and

behaviour. The data I use regard all three cohorts at six time points, taken

from surveys spaced approximately three months apart (see Table 4.1). For

Cohort 1, five planned voting opportunities are covered for nine referenda6,

while cohorts 2 and 3 cover six referenda at three planned voting opportuni-

ties. All referenda covered for cohorts 2 and 3 are a subset of those covered for

Cohort 1.

5 This project was preregistered at https://osf.io/6acju. I deviate from this preregistration in

several substantive ways. Firstly, an initial plan was made to apply ERGMs to understand

the network’s development. Given that the network is relatively sparse and highly embedded

in friendships, consistent with other literature (Marsden, 1987; Minozzi et al., 2020), I do not

model the network structure. With lower sparsity this might nonetheless be feasible; subsets of

friendships may have endogenous tendencies towards political discussion occurring on top of

the cross-network effects presented. Secondly, I do not use auto-logistic actor-oriented models

nor QAP to analyze the network data. This is simply because the current method works for

controlling for network effects (Krackhardt, 1988) while essentially being equivalent to a y-

permuted quadratic assignment procedure regression and is much easier to estimate. Third,

I opt for alters’ support of a referendum over their choice to vote, as this allows for better

inference where voting data are absent (e.g. if ineligible) but nonetheless gets at preferences in

one’s local network. Fourth, I incorporated individual characteristics (knowledge and interest)

as potential moderators out of exploratory interest. Fifth, I do not exclude the question on

TV licensing, as here is where the largest subset of observations upon which the analyses

are based. Finally, I included the friendship analysis having seen the relative sparsity of the

political discussion network, as explained at the end of the introduction.
6 These referenda concern topics of an energy law, change to taxes in support of pensions and

a change in state pension conditions, the TV license fee, the gambling act, the full money

initiative, the bike initiative, the fair food initiative and the food sovereignty initiative. A brief

description of each topic is given in Appendix B.1, which shows an introductory text also

shown to participants.
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Responses

Due to the design of the data collection, the invited cohort decreases over time7.

For the cross-sectional portion of the analysis, the number of unique individu-

als who are eligible to vote is 492, and they provide information on 1690 out-

comes. Considering individuals observed at pre- and post-referendum time

points, the corresponding number of individuals is 397, and 1362 outcomes.

For Cohort 1, this stems from a 70% participation rate at the first used obser-

vation, down to 41% at the final used observation8. For Cohort 2, this ranges

from 66% to 47%, and for Cohort 3, from 56% to 36%. Of the unique individu-

als represented in the dataset, respectively 125 (25.5%) of those observed post-

referendum and 107 (27.0%) of those observed both pre- and post-referendum

were women, whereas the total across the cohorts contained 22.4% women.

Variables and variable construction

Vote choice

From variables on nine Swiss referenda, I collected pre (i.e. intended) and post

(i.e. retrospective report of) behavior9. A paragraph-length prompt informed

participants of the proposed change to the law or constitution, and key argu-

ments for or against the referendum. Participants were asked “Did [do] you

[intend to] vote in the referendum on <topic>. Multiple choice answer cate-

gories included “Yes, I will vote against the referendum”, “Yes, I will vote for

the referendum”, “No, I will not vote”, and “No, I am not eligible to vote”.

For the final five of the referenda (at the last two time points, see Table 2), an

additional pre-referendum answer category stated, “Yes, but I do not know

whether I will vote for or against”. Individuals who reported themselves as

ineligible to vote were excluded from the main analysis, as their (intention to)

7 Students who drop out of their degree programme are ineligible for the study.
8 The participation rate is calculated here from the number of individuals who are registered as

members of the cohort at the time of the survey.
9 First, a question surrounding perceived knowledge was asked, followed by the introductory

paragraph, then support for the issue at hand, and finally the intended vote.
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vote was not available 10. From these responses I constructed the main vari-

ables:

Choice to vote was constructed as a binary variable, with “Yes, I will vote

against the referendum”, “Yes, I will vote against the referendum”, and “Yes,

but I do not know whether I will vote for or against”, treated as one, and “No,

I will not vote”, as zero. In Models 1a and b, ego’s post-referendum choice to

vote is treated as the dependent variable, while in model 1b, ego’s choice to vote

at pre-referendum observation is used as a control.

As several referenda occur simultaneously, and the choice to vote is highly

correlated at the same time points, each referendum opportunity was treated

as the same choice. Out of 471 cases of individuals who reported on their

voting behaviour at a time points in which multiple votes occurred simultane-

ously, only 24 (5%) reported inconsistencies in their choice to vote on separate

issues.

Choice of vote was constructed as a binary variable, with all votes in favour

treated as ones, and all votes in opposition to the referendum treated as zeroes.

All other cases were excluded. In Model 2, post-referendum vote choice is used

as the dependent variable.

Network ties

A question was asked about individuals’ political discussants. The question

translates from the original German to “With whom of your fellow students

do you discuss political issues?”11. An additional question was asked about

individuals’ friendships. The question translates from the original German to

“whom amongst your fellow students would you consider a friend?”

Using a name generator procedure with autocomplete and dropdown op-

tions, participants could name up to 20 cohort-mates as political discussants

and/or friends. I used the ties at post-referendum, as these should corre-

spond best to the political discussants in the period between pre- and post-

10 In exploratory analyses, vote-ineligible participants’ overall support or opposition to a pro-

posed measure is included.
11 In additional analyses, I made use of informal social groups of students to whom respondents

reported belonging, in particular those reported to have political discussions as a focal activity.

Results are comparable to those of the political discussion ties. See Appendix B.6.
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referendum surveys. Since the intended tie corresponds to an event, I sym-

metrized an adjacency matrix such that in any pair of individuals, if one re-

ported a tie, it was treated as a tie for both parties12.

Referendum support

For each referendum, a question asked “Considering the aforementioned in-

formation [in the question introduction, reported in Appendix B.1], to what

extent do you support the [referendum]?” Participants could respond on a

7-point Likert scale, with options 1=Strongly opposed, 2= Opposed, 3=some-

what opposed, 4=undecided, 5=somewhat in favour, 6=in favour, 7=strongly

in favour. Ego’s support of a given referendum at pre-referendum observation

is used as a control variable in models 2b,d,f and h.

From these variables, composite variables were constructed testing the main

hypotheses:

Proportion of voting alters was constructed by taking the choice to vote dummy

variable, and taking its mean amongst alters at the previous time points. This

is used in model series 1 to test Hypothesis 1.

Mean alter issue support was constructed as the mean average of support for

a referendum amongst the alters of an individual at pre-referendum vote. This

variable is used in model series 2 to test Hypothesis 2.
13.

12 In the case of individuals who skipped the political discussion question of the survey, these

ties were treated as missing information and excluded from the dependent side of the analysis

(idem for analyses using friendship instead of political discussion ties). However, if they re-

ported voting or issue support and others reported ties to them, their vote choice information

was retained for calculating the alter’s political discussion-voting environment.
13 Opinion isolation was determined starting from the number of alters amongst which support

for the given referendum was on the opposite side of the neutral midpoint from the ego

in question. Firstly, for each referendum all alters of each ego were checked. Egos who had

only disagreeing alters amongst those who reported their support of an issue were valued at

one, all others zero. For each referendum time point, the mean value of this binary variable

was taken. I additionally calculated this as the same set of support-reporting alters and their

disagreement, minus the number who held no opinion in either direction. This produced a

slightly more inclusive measure of isolation, which nonetheless resulted in only one isolate

being available for the analysis.
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Control variables

14Number of political discussion partners was calculated as the total number of

ties per individual. This variable relates to social-political engagement, a factor

associated with increased political participation amongst US college students

(Klofstad, 2015), and previously theorized to signal the quality of political dis-

cussions (Bello, 2012). This variable is included in model series 1 as a control

variable, as an increase in voting intentions amongst all individuals might then

correlate with political discussions and therefore create a spurious correlation

between ego and alter voting.

Political interest has been previously shown to be a factor positively related

to turnout (Bello, 2012; Hopmann, 2012), and may confound turnout if individ-

uals additionally are homophilous on political interest. A four-point measure

taken from the European Social Survey was used, with the following prompt:

“How interested would you say you are in politics? Are you. . . ” and answer

categories 1=Very interested, 2=Quite interested, 3=Hardly interested, 4=Not

at all interested15. This variable is included as a control in model series 1, and

as a subcomponent of interaction effects in model series 2.

Ego issue knowledge at pre-test is of potential impact, as previous work has

suggested that knowledge impacts one’s propensity to update opinions in the

face of new information (Zhang, 2019). At the same time, it is more proximal

to the issues being voted on than a measure of general political interest and

may therefore also capture more localized interest in a set of issues. This was

assessed by an item asking “To what extent do you agree with the following

statement: I know a lot about referendum <X>?” Participants could answer on

a 7-point Likert scale: 1=Strongly disagree, 2=Disagree, 3=Somewhat disagree,

4=Neither agree nor disagree, 5=Somewhat agree, 6=Agree, 7=Strongly agree.

This question was asked prior to the text introducing key arguments for and

14 In analyses presented in Appendix B.5, I additionally include demographic controls of gen-

der, financial status as a proxy of SES, and the main language in the region of origin within

Switzerland, which do not change the substantive results. Women, however, are found to be

more likely to vote than men in both models, and people who do not report a canton of origin

are less likely to vote than those from the German-speaking reference category.
15 This was imputed with the last observed wave for cohort 1 in the final referendum time point,

as the question was not included in the questionnaire at this point.
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against the referendum issue. This issue knowledge, prior to the vote, is in-

cluded in model series 1 as a control for any more localized political interest

effects, and in model series 2 as a subcomponent of interaction effects.

I include fixed effects for cohort, and in the models of choice of vote, each

referendum has another fixed effect.

In both the models of the choice to vote and choice of vote, I first test the

model without including a control for individuals’ pre-referendum vote inten-

tions in model series 1, and pre-referendum issue support in model series 2.

This is due to the potential that influence may be occurring prior to the win-

dow of the pre-test, thus controlling for pre-test opinion of ego may be con-

trolling out the effects for which I am testing. The former model may capture

slower-operating indirect effects of discussants, such as an assimilative change

in overall political preferences that may have downstream consequences for

voting. The latter provides a more direct test of the hypotheses presented, con-

sidering the theoretically specified shorter time frame in which the referendum

issues at hand may be discussed (LeDuc, 2007).

Missing data

Complete case analysis is applied. Due to dependencies in network data, ac-

ceptable imputation techiques would increase the computational complexity of

already-intensive permutations by orders of magnitude (Krause et al., 2020).

Analysis method

Due to the dependence of tie-based variables inherent in social network anal-

ysis, I first conduct a preliminary check of the association between political

discussants’ choice to vote and choice of vote using a QAP. Hypothesis testing

analyses are conducted with y-permuted logit tests. This is performed in three

steps. First, I compute the sample logit estimates on the relevant dependent

variable (i.e. choice to vote, or choice of vote), pooling all available data to

do so after listwise deletion of missing entries on the dependent variable and

deletion of individuals with no ties. Second, I permute the dependent variable
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within each cohort by referendum category, generating 5000 permutations of

the data. Third, I calculate the permutation logit estimates for each permu-

tation, against which I can compare the estimate from the observed data. I

calculate the absolute values of centered estimates, and use the percentile at

which the observed estimate appears amongst these permutations as a non-

parametric, two-sided p-value. This procedure is repeated for each model. This

procedure preserves the features of the network, while controlling error rates

for the non-independence of network data16.

results

Descriptive analysis

Discussion network

Table 4.2 shows descriptive statistics of political discussion networks at time

points relevant to this analysis, with exemplary network plots showing the net-

works and vote choices in Figures 4.1 and 4.2. The political discussion network

is quite sparse, with the average respondent indicating 1.24 ties in the lowest

case (Cohort 1, final wave) and 1.51 (Cohort 2, second post-referendum wave).

Interestingly, the level of reciprocity is exceedingly low, at .41 at most, .24 at

least, and .32 on average. These are lower than seen in friendship ties in the

same dataset, a commonly used social network. Comparatively, the political

discussion network is sparse, less stable and less clustered than friendship, of

which the descriptives can be seen in Appendix B.2. Political discussion tie

nominations are largely embedded in friendship nominations, ranging from

76% to 91%, with the mean proportion across all cohorts and included time-

points of 84%.

It is clear from Figure 4.1 that those who have more political discussion

ties are more likely to be voters; this association may well be a confounded

16 Tests in this style are somewhat conservative (Dekker, Krackhardt, & Snijders, 2007). Non-

independence of the repeated measurements of the same actors across time is not controlled

in this framework.
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one driven by political interest, or may be caused by discussions resulting in

greater political participation as suggested by Klofstad (2015). The Jaccard in-

dex, measuring tie stability as the proportion of ties present in two subsequent

waves out of all ties appearing in both, averages .46, suggesting that ties are

somewhat stable over time.
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Figure 4.1: Exemplary political discussion network of cohort 1 with the choice to

vote at two sequential time points, where ties are political discussions and nodes

are people. Yellow indicates non-voting, blue voting, light grey ineligibility, and dark

grey indicates nonresponse. Only non-isolates are plotted. The bar charts to the right

indicate that individuals who choose to vote (blue nodes) are more common amongst

those who have political discussions (left bar) compared to those who do not (right

bar).
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Figure 4.2: Political discussions as ties and individuals with their choice of vote

as coloured nodes. Only non-isolates are plotted. It appears that some individuals

changed their minds by time point two, and the bar chart on the right shows that

the proportion of contra-voters decreases amongst discussants (left bar), but increases

amongst isolates (right bar).
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Table 4.4: Choice to vote at pre and post referendum survey aggregated across all

referendum time points and cohorts.

Post Vote No vote Ineligible Missing

Pre

Vote 574 129 6 291

No vote 38 68 4 50

Ineligible 4 4 267 128

Missing 119 62 69

Choice to vote and choice of vote

Intended behaviour at pre-test, in particular intending to vote, is typically re-

alized at post-test. The largest change is opting not to vote. Out of 1362 obser-

vations of pre- and post-test voting, 251 cases of an intention to vote prior to

the referendum instead opt not to vote. Similarly, only relatively few instances

occur of a change in the planned vote to the opposite position (a total of 79).

Of 434 planned votes without a decided position, 174 were realized as votes

against, and 106 as votes for the given issues, with the remaining 154 opting

not to vote. Of 150 instances of an intention not to vote, 47 cases were observed

where individuals nonetheless voted. A full table of the transitions including

missing responses is given in Table 4.4 for choice to vote and Table 4.5 for

choice of vote.

Examining the frequency table presented in Table 4.6, it is evident that test-

ing an opinion isolation hypothesis is not possible with the current data; there

is only one case of an individual being an isolate in their opinion; notably, there

are also none in the friendship operationalization of the data (not shown here).

As seen in Table 4.7, there is nonetheless never a consensus in the cohorts on

the way to vote, and in 27.6% of observed cases, people are undecided at the

pre-referendum survey. Given the above information, I continue with inferen-

tial analysis.

Examining the constructed variables testing Hypothesis 1, a bias towards

zero and one proportions of alters voting is apparent (see Figure 4.3. Ex-

ploratory checks not reported here suggest that this feature of the variable
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Table 4.5: Vote behaviour at pre and post referendum survey aggregated across all

referenda and cohorts.

Post Vote against Vote for No vote Ineligible Missing

Pre

Vote against 373 22 42 2 162

Vote for 57 229 55 4 149

Vote undec. 174 106 154 3 328

No vote 35 12 103 6 104

Ineligible 1 3 7 426 273

Missing 118 80 119 135

Table 4.6: Categorical variable frequencies for models of choice to vote

Variable Category Frequency

Cohort 1 185

2 156

3 396

Opinion isolate 0 625

1 1

Choice to vote 0 153

1 584

Issue knowledge (t-1) 1 110

2 134

3 118

4 69

5 129

6 49

7 20

Choice to vote (t-1) 0 69

1 539
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Table 4.7: Categorical variable frequencies for models of choice of vote, and vote

choices frequencies per referendum

Variable Category Frequency

Referendum Tax increase for pension reform 28

Pension reform 27

TV license fee 253

Energy law 45

Food sovereignty 116

Fair food initiative 116

Gambling act 142

Bike initiative 116

Full money initiative 143

Cohort 1 247

2 232

3 507

Undecided dummy 0 602

1 229

Choice of vote 0 615

1 371

Issue knowledge (t-1) 1 119

2 184

3 158

4 94

5 192

6 70

7 30

Choice of vote (t-1) 0 329

1 238
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becomes less apparent when considering only individuals with >2 alters, sug-

gesting that this is not entirely due to a bias of individuals with one voting

alter. A similar feature of the distribution is found both when using friendship

and political discussion networks, though less severe when using the denser

friendship networks.

Turning to the constructed variable of mean alter issue support, distribu-

tions are more symmetric and particularly in the case of friendship, more nor-

mal (see Figure 4.4). Nonetheless, there is a spike in a mean discussant issue

support of zero.
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Figure 4.3: Distributions of the proportion of voting alters
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Figure 4.4: Distributions of mean alter issue support

Associations between the main and control variables are presented for choice

to vote in Table 4.8 for political discussions, and Table 4.10 for friendship. I

apply Spearman’s r, since these variables are (partially) on an ordinal or binary

scale. I do not account for the networked aspects of the data, so significance

should be interpreted with caution.

The choice to vote is positively related to general political interest, issue

knowledge, and the number of discussants but does not appear related to the

proportion of voting discussants in this simple correlation; using friendship

a small positive association is found between friends’ choice to vote and the

dependent variable.

Moving to the choice of vote, Table 4.12 shows Spearman’s r associations

between main and control variables for political discussants, and Table 4.14 for

friendship. Here, we find that choice of vote is positively related to mean issue

support of both discussants and friends. Being undecided is negatively asso-

ciated with general political interest and issue knowledge. I note that further

correlations are hard to interpret here, as there is no specific directional expec-

tation for the choice of vote and, for instance, issue knowledge; these factors

will vary from issue to issue, and only the interaction terms presented in the

inferential models will have intuitive explanations.

As a check of the possibility of influence accounting for the networked na-

ture of the data, I first test for the significance of the expected relation be-



154 short term vote influence

Table 4.8: Pairwise Spearman’s correlations of main choice to vote variables with

discussants

1. 2. 3. 4. 5.

1. Choice to vote (DV) –

2. Prop. voting discussants 0.05 –

3. Choice to vote at t − 1 0.38∗∗∗ −0.01 –

4. Political interest 0.31∗∗∗ −0.02 0.3∗∗∗ –

5. Issue knowledge at t − 1 0.31∗∗∗ 0.02 0.27∗∗∗ 0.47∗∗∗ –

6. N discussants 0.18∗∗∗ 0 0.18∗∗∗ 0.24∗∗∗ 0.14∗∗∗

Note. Pairwise cases selected, after selecting only cases with valid values for the de-

pendent variable and prop. voting alters

Table 4.10: Pairwise Spearman’s correlations of main choice to vote variables with

friendship

1. 2. 3. 4. 5.

1. Choice to vote (DV) –

2. Prop. voting friends 0.07∗ –

3. Choice to vote at t − 1 0.35∗∗∗ 0.04 –

4. Political interest 0.36∗∗∗ 0 0.33∗∗∗ –

5. Issue knowledge at t − 1 0.35∗∗∗ 0.02 0.29∗∗∗ 0.46∗∗∗ –

6. N friends 0.06 −0.03 0.01 0 −0.01

Note. Pairwise cases selected, after selecting only cases with valid values for the de-

pendent variable and prop. voting alters
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Table 4.12: Pairwise Spearman’s correlations of main choice of vote variables with

discussants

1. 2. 3. 4. 5.

1. Choice of vote (DV) –

2. Mean discussant issue

support

0.29∗∗∗ –

3. Issue support at t − 1 0.66∗∗∗ 0.28∗∗∗ –

4. Undecided 0.01 0.13∗∗∗ 0.14∗∗∗ –

5. Political interest 0.02 −0.02 −0.11∗∗∗ −0.17∗∗∗ –

6. Issue knowledge at t − 1 −0.08∗ −0.2∗∗∗ −0.2∗∗∗ −0.41∗∗∗ 0.46∗∗∗

Note. Pairwise cases selected, after selecting only cases with valid values for the de-

pendent variable and prop. alters voting in favour

Table 4.14: Pairwise Spearman’s correlations of main choice of vote variables with

friendship

1. 2. 3. 4. 5.

1. Choice of vote (DV) –

2. Mean friend issue sup-

port

0.33∗∗∗ –

3. Issue support at t − 1 0.63∗∗∗ 0.32∗∗∗ –

4. Undecided 0.01 0.18∗∗∗ 0.14∗∗∗ –

5. Political interest 0 −0.02 −0.12∗∗∗ −0.14∗∗∗ –

6. Issue knowledge at t − 1 −0.08∗ −0.18∗∗∗ −0.22∗∗∗ −0.41∗∗∗ 0.45∗∗∗

Note. Pairwise cases selected, after selecting only cases with valid values for the de-

pendent variable and prop. alters voting in favour
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tween the existence of political discussion ties, and individuals displaying the

same voting behaviour. Due to the non-independence of observations, I apply

a multiple group quadratic assignment procedure regression (QAP) with 1000

permutations to generate a non-parametric p-value of the logit regression co-

efficient (Elmer & Stadtfeld, 2020; Krackhardt, 1988). Under this procedure, I

test whether at the dyad level (i.e. between each pair of individuals) the same

behaviour is more likely if two individuals are discussion partners. I include

fixed effects for cohorts and referenda. Firstly, I check whether all categories

except ineligible (a category that does not represent a choice) are more likely to

occur between discussion partners. Indeed, this is the case (B = .58, p < .001).

However, this result is somewhat hard to interpret as it includes individuals

co-voting for, co-voting against, and not-voting. I then separate the results into

voting versus not voting, and voting for versus against. Repeating the analysis

for these two groupings, I find that the association is of similar magnitude for

the choice to vote (B = .47, p = .014), but weaker and nonsignificant for the

choice of vote (B = .30, p = .082). When controlling for pre-existing similarity,

the results weaken substantially (Ball votes = 0.36, p = .120; Bchoice to vote = .47,

p = .041; Bchoice o f vote = .20, p = .374).

Considering friendship as the network channeling influence, similar results

are found. Firstly, across all categories of vote choice, excluding ineligibility, a

positive and significant association is found (B = .59, p < .001), a significant

and positive association is found between friends and their choice to vote (B =

.47, p = .006) a nonsignificant positive association is found between friendship

and similarity of vote choice (B = .21, p = .074). Similarly, when including

prior similarity these effects are typically nonsignificant (Ball votes = 0.18, p =

.005; Bchoice to vote = .13, p = .25; Bchoice o f vote = .15, p = .319).

y-permuted logit regression models

Choice to vote. In Table 4.16, I present the results of the two models of choice

to vote, alongside the non-parametric p-values. McFadden’s R2, a pseudo mea-

sure of explained variance, AIC, a measure of the parsimony-explanatory power,

and accuracy, capturing the proportion of correct classifications of voting or
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not, all indicate better model fit when including planned vote behaviour as

a predictor (Model 1b). With regards to H1, that the proportion of alters vot-

ing affect’s one’s choice to vote, I find no support in either model as captured

by the parameter “Proportion of voting alters”17. In the equivalent friendship-

based models in Table 4.17, even after the inclusion of pre-test vote choice, it ap-

pears the proportion of voting friends is positively associated with one’s own

chances of voting, in support of H1. General political interest is a significant

and positive predictor of voting, and there are significant positive associations

between voting and issue knowledge. These results hold for both the models

using the discussion networks and friendship networks. I find a positive and

significant association between voting and the number of discussion alters an

individual has only in Model 1a when using political discussion and in both

1a and b for friendship.

Choice of vote. In Table 4.18, I present the results of the models for choice

of vote and their corresponding non-parametric p-values. Overall, there is a

positive and significant preference to vote in the same direction as one’s alters

in two models for political discussion (Models 2a and e), which disappears

when including ego’s support of an issue at pre-survey (Models 2b, d, f, h),

and when including ego knowledge of the issue and its interaction with alter

support (Model 2c), partially supporting H2. On the other hand, the analysis

of the friendship network supports H3 consistently with a positive coefficient

even when controlling for ego’s prior issue support, except for Model 2g which

includes all interaction terms and their sub-components, and which has an

inferior AIC to the equivalent model with only the interaction term for support

and knowledge (Model 2c), furthermore suggesting it is not a parsimonious

model.

Regarding H3, that the undecided are more susceptible to alter’s influence,

no support is found using the interaction term of alter’s average support and

being undecided in any model. H4a is also not supported, with a nonsignifi-

cant interaction between alters’ mean support and being more knowledgeable,

where a negative one was expected, and several cases of a positive and signif-

17 Tests using the number, rather than the proportion of alters voting, I similarly find no effect.



158 short term vote influence

Table 4.16: Logit regression of discussant choice to vote on ego choice to vote

Model 1a Model 1b

Intercept -0.7*** -1.36***

Prop. voting altersa
0.29 0.2

Number of alters 0.15* 0.05

Ego choice to votea – 1.67***

Ego knowledgea
0.39*** 0.32***

Political interest 0.72*** 0.64***

Accuracy 0.82 0.84

AIC 533.21 473.93

McFadden’s R2
0.17 0.22

Valid cases 629 608

Note. Significance determined from observed

statistics against percentiles of 5000 per-

mutations, using absolute, centered values.

Fixed effects for cohort excluded. For these

effects, see Appendix B.4. aVariable con-

structed from individual data at t-1 bHere,

96.5% of individuals are predicted to vote by

the model, while 80.8% did so.
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Table 4.17: Logit regression of friend alter choice to vote on ego choice to vote

Model 1a Model 1b

Intercept -1.18*** -1.76***

Prop. voting altersa
0.82** 0.71*

Number of alters 0.08** 0.07**

Ego choice to votea – 1.24***

Ego knowledgea
0.41*** 0.35***

Political interest 0.84*** 0.7***

Accuracy 0.78 0.8

AIC 763.72 703.16

McFadden’s R2
0.19 0.21

Valid cases 825 792

Note. Significance determined from observed

statistics against percentiles of 5000 permuta-

tions, using absolute, centered values. Fixed

effects for cohort excluded. aVariable con-

structed from individual data at t-1.



160 short term vote influence

icant coefficient under the discussant version of the model (Model 2d, f, h) 18.

Political interest does not appear to moderate the effect of being undecided,

either, in contrast to hypothesis H4b: the three-way interaction of political

interest, mean alter support/mean alter vote, and being undecided, is never

significant (Model 2g and h).

18 I additionally rerun the analyses using groups of individuals reported as a social group which

discusses politics within the cohort, treating co-group membership as a tie. Results with re-

gards to the hypotheses are identical. Finally, separating results by time point or referendum

yields too few observations to be meaningfully interpreted (Harrell, 2001, pp. 72-73).
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discussion

In this study I used new, purpose-collected whole-network longitudinal data to

examine whether the choice to vote and the choice of vote are affected by one’s

political discussant and friend alters, in the unique context of the Swiss direct

democracy. I additionally considered a possible differential role of undecided

voters and moderating effects of individual attributes of political knowledge

and interest.

Regarding choice to vote, I found evidence for an assimilative effect of alters’

choice to vote in the short term only amongst friends. Very few individuals

were isolated in their opinion at any of the referenda, meaning that one in-

tended hypothesis regarding opinion isolation could not be tested.

Regarding choice of vote, I found evidence that people tend to vote in

line with the opinions of their political discussants, but this association dis-

appeared after controlling for pre-test vote intentions. For friends, This effect

was consistently found. This is moderate evidence in favour of Hypothesis 2, as

will be outlined below. Regarding Hypothesis 3, the critically important unde-

cided were no more likely to be influenced by their alters than others, neither

were the politically interested and undecided, failing to support Hypothesis

4a. Similarly, people with more political knowledge were no less likely to be

influenced in their vote choice by their alters, in opposition to Hypothesis 4b –

indeed, in one case being more likely to show signs of influence.

Several lines of questioning may help to understand the mixed results here,

and should be examined in further research. Firstly, why do the results from

the friendship network support H1 and H2, while H1 is unsupported and H2

is partially supported by the political discussion network? Potentially, an issue

of statistical power is at play here – there are far fewer political discussion

ties observed than friendship ties, and therefore fewer cases tested against.

Additionally, potential biases in memory of interactions (Bernard & Killworth,

1977; Kashy & Kenny, 1990; Killworth & Bernard, 1976) might mean that the

measurement of alters’ preferences are more unreliable when using political

discussion networks compared to friendship networks.
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Second, this issue may also be compounded by political opinions or voting

behaviour being driven by unobserved ties outside the network boundaries

studied, such as family discussants, or friends external to the cohort. While col-

lecting whole network data is inherently difficult (see e.g. Robins, 2015; Vörös

et al., 2021), the inclusion of alters outside the boundary of the cohort studied

would be useful to establish whether there are limited effects of discussion, or

only limited effects of discussion inside the cohort. That said, given the nature

of the intensive study program, the assumption that most of the students’ dis-

cussion occurs within the confines of the university cohort seems reasonable,

and is consistent with the evidence given in analyses using the friendship net-

work.

Third, it is possible that the members of the cohort discuss politics, but not

specifically referendum voting or issues. This could be due to a paradox: while

referendum issues are subject to more volatile and less deep-seated opinions,

possibly permitting stronger influence when discussion occurs, they may be

subject to less discussion when people discuss politics for the same reason

(Cowan & Baldassarri, 2018). This relates to a broader debate about what ex-

actly we measure when we ask about political discussions (Hopmann, Matthes,

& Nir, 2015); quality (e.g. content) and quantity (e.g. duration, frequency) are

assumed. If, for instance, one cuts off disagreeing political conversations be-

fore they turn into discussions, it may be that one does not report all alters

from whom one receives political information when mentioning discussants,

but does report the broader category of friends.

Fourth, examing individual characteristics expected to predict differences in

turnout and rigidity of beliefs further could be useful. Similarly to the argu-

ments regarding political discussion and referenda, perhaps the nonspecificity

of the political interest measure means that individuals are interested in poli-

tics in general, but not the issues at hand. This again relates to the nature of

referendum votes compared to electoral votes. However, it is unlikely that an

effect of knowledge would be found once a null effect of alters’ opinions was

noted. If people do not appear to be influenced, it is unsurprising that knowl-

edge would not affect how they react to others’ discussions. Again, a power
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issue could be at play, as the required number of cases for an interaction term

is much higher than a standard effect.

Limitations

A key limitation of this research sample is that it is relatively unique. While

it broadens our knowledge surrounding influence on voting habits, it has its

own quirks. It offers some diversity away from ubiquitous US samples, but it

remains a WEIRD (white, educated, industrialized, rich, and democratic) pop-

ulation. The latter of these is to some extent a necessity for a study of voting,

but extrapolation from this highly educated sample is clearly not simple; for

instance, turnout is particularly high amongst those responding to the sur-

vey. This aside, the direct democratic voting system in Switzerland is a rarity.

However, examining how people vote, rather than simply their self-reported

attitudes, helps us to understand both a more consequential form of behaviour

which is both impactful on society, as well as a metric that reveals preferences

where they may be discordant with beliefs.

A second limitation concerns the statistical analysis; while I can control for

the effects of the dependence of alters’ opinions in the network with the y-

permutation test performed here, this test does not handle the dependence of

individuals appearing multiple times and the dependence of ties within simul-

taneous referenda. On the other hand, y-permutation tests tend to be some-

what conservative and may lead to the underdetection of true effects (Dekker,

Krackhardt, & Snijders, 2007).

Further research

One particularly interesting avenue for further research concerns the tests that

could not be made in these data: so few individuals are isolated in their opin-

ion. Bello (2012) and Nir (2011) both use a measure based on participants’ per-

ception of alter’s preferences, with a limited number of political discussants.

This may mean some misestimation of true isolation. Some individuals will

not name all of their political discussants due to the limit of the five, four and
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three-person alter reports that were used. Furthermore, some individuals will

falsely believe they are not isolated when they are due to biases in percep-

tion and disclosure (Cowan & Baldassarri, 2018; Goel, Mason, & Watts, 2010;

Laumann, 1969; Levitan & Visser, 2009). While it is natural to think that it is

mere perception of alters’ beliefs by an individual that may drive influence,

subtler cues that align with alters’ true beliefs may too carry weight. To test

for these two different flavours of the effects of opinion isolation, and to get

a comprehensive view of the networks involved we need better data: compre-

hensive measures stemming from both ego and alter reports of their beliefs,

perceptions of their alters’ beliefs, and complete egocentric networks. Addi-

tionally, we could use this to test whether at a larger scale alters’ beliefs or

ego’s perceptions of alters’ beliefs are more influential.

Effects of a context such as media campaigns that may have differential times

of onset but have a potentially powerful impact (Sciarini & Tresch, 2011). This

may look like influence where it is actually a shared context effect. Nonethe-

less, such context effects would be hard to disentangle from social influence:

contextual factors (in particular exposure to media campaigns) have some ef-

fect precisely via the ties under study. Indeed, this was a key finding in early

work on the subject (Katz & Lazarsfeld, 1955). Increased research into the longi-

tudinal pathways by which discussion may indirectly affect individuals’ vote

choices in these direct democratic referenda would contribute to our under-

standing of how democracy operates.

Conclusion

Overall, it seems that there is minimal reason to believe that the political discus-

sants in this sample have strongly affected one another; we should not expect

communities at this scale to have large impacts on direct democratic outcomes

in the short term. Nonetheless, questions remain surrounding the effects of

opinion isolation as a perceived or objective phenomenon, and long-term, po-

tentially indirect network effects on voting behaviours.



5
S U M M A R I E S , C O N T R I B U T I O N S A N D L I M I TAT I O N S

This dissertation concerned political selection and influence in interpersonal

networks, and the resulting outcomes. I argued that political opinions are in-

trinsically linked to our social relations. I used and extended methods for so-

cial network analysis, leveraging the strengths of offline social network data to

understand selection and influence and their interaction with endogenous net-

work processes. This provided some useful extensions of ways to understand

implications for political opinions and voting behaviour from social network

ties and vice versa.

Two focal aims were made in this dissertation. Firstly, building on micro-

level studies of interpersonal influence and selection in political attitudes and

behaviour, and macro-level studies of political polarization, I aimed to build

closer bridges between these two types of research and study the evolution

of opinions and social networks within a community. Secondly, I aimed to

develop further understanding of these processes and polarized outcomes in

ways suited to contexts unlikely to meet traditional bipolar understandings of

polarization; i.e., in a multiparty political system.

In what follows, I first present a summary of the research chapters. Next,

I will summarize the main contributions of this dissertation, followed by its

limitations. I highlight avenues for future research that could build on this

work, before providing concluding remarks.

5.1 research chapter overview

5.1.1 Chapter 2

In Chapter 2, a model was presented capturing selection and influence on a

variety of political issues embedded in individuals connected by friendship,

167



168 summaries, contributions and limitations

alongside endogenous network effects. A mixed one-mode and two-mode net-

work approach to describe individuals, their friendships, and their attitudes to-

wards policies in the stochastic actor-oriented model framework was applied,

new model effects were developed to represent micro-level processes of se-

lection and influence, as well as latent factors producing homogenizing and

polarizing attitudes.

Linking these processes to the macro-level outcome, a new metric of net-

work polarization was introduced. This comprised structures related to these

micro-level processes. This metric aimed to capture the level of polarization

in the network in a relational sense (whether friends are more likely to be of

the same opinions, or non-friends of opposed opinions) and ideological sense

(whether agreeing or disagreeing policy attitudes to one policy reflect similarly

configured attitudes to another) and a test was devised based on its deviation

from a baseline distribution of opinions across policies and individuals.

These new structural model effects, metrics and tests demonstrate a method

of micro-macro linkage of selection and influence in a single network model,

which has the potential to be generalized across further attitudinal objects.

Examining two cohorts of Swiss students, their friendships and their attitudes

towards varied political topics over a one-year period, it was found that a mod-

est but significant level of polarization was present in an ideological sense, but

it did not clearly increase over time. Furthermore, evidence for selection was

found, but only limited evidence for influence was only found, while latent

factors consistently structured issue attitudes.

5.1.2 Chapter 3

In Chapter 3, the aims were to understand the link between selection and

influence in the model from Chapter 2 and the resulting levels of polarization,

while developing the use of the RSiena software as a tool to bind agent-based

models to an empirical reality in a more direct way. To achieve these aims,

the model from Chapter 2 was taken as a baseline for simulation and a 4x4x3

design was applied to a two-year forward simulation period.
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The three variables adjusted in the model included the choice of four sets of

effect parameters which were manipulated (selection, influence, or latent con-

vergence and divergence), the sizes of these parameters (multiplied by zero,

halved, doubled or quintupled) and variants on how the remainder of the

model, including various endogenous effects of the friendship network, was

estimated. For this latter variable, three different perspectives on the implica-

tions of the model were considered: Firstly, taking the model as approximately

correct and simulating from it with only the variable manipulation. Secondly,

re-estimating the density (i.e. intercept) of the model, taking a view of there be-

ing some set tendencies towards frequencies of friendships and opinions from

which one might deviate due to the network context. Thirdly, with full model

re-estimation, representing a view that network effects can only be understood

in concert with one another.

Overall, many of these models had similar results – a tendency to reduce

political opinions, possibly in favour of maintaining social ties in the face of

conflicting opinions. Notable exceptions include firstly that, particularly under

models with only a manipulation, latent convergent and divergent forces pro-

duced very high opinion densities. Most other models tended towards much

less saturated sets of opinions, but generally tended towards denser friendship

networks. These findings suggest that perhaps the manipulation-only models

produced less realistic results than other model types. Secondly, slight differ-

ences in the shape and speed of arriving at a stable level of relational polariza-

tion appeared when manipulating latent (dis)agreement maximizing processes.

Implausible changes also occurred when making them five times as strong as

observed, when (partially) re-estimating the underlying model. These results

show the predominant insensitivity of the community to processes commonly

understood as polarizing.

5.1.3 Chapter 4

Finally, Chapter 4 examined further data on the pre- and post-referendum

voting intentions, examining the roles of firstly political discussion ties, and

secondarily friendship ties. The aim here was to zoom in on a dyadic behaviour
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specifically transferring political information, and examine the consequences

on a short-term change on the political outcome of voting. Questions were

asked of whether and how individuals were influenced in their behaviour in

the short term, on issues of only brief temporal salience. More precisely, it was

examined to what extent individuals’ political discussion networks showed

assimilative influence on their choice to vote, and their choice of vote on 9

referenda occurring in Switzerland. As an alternative measure, friendship was

also examined due to limits to memory of discussion and events and questions

surrounding the interpretation of the applied political discussion measure.

A correlation between alters’ choice to vote with ego’s, and of alters’ atti-

tudes towards an issue and ego’s choice of vote were found in the political

discussion network. However, these associations disappeared after controlling

for their prior planned vote. This hints at selection processes being a more

likely candidate for causing this similarity between individuals than influence

– possibly due to the friendships in which political discussions were typically

nested being selected for political similarities, as found in Chapter 2. Alter-

natively, influence may have occurred on a longer time frame, but this seems

unlikely in the context of these issues which often attract relatively little public

engagement (LeDuc, 2007). On the other hand, friendship alters’ intention to

vote and attitudes towards a political issue positively predicted ego’s choice

to and of vote – possibly this discrepancy is due to known memory effects

(Bernard & Killworth, 1977; Killworth & Bernard, 1976), ambiguity in interpre-

tations of the network measuring question (Hopmann, Matthes, & Nir, 2015),

differences in confounding variables in the two networks (Shalizi & Thomas,

2011), or the relative sparsity and thereby power of the statistical analysis in

the case of the discussion compared to the friendship network.

A hypothesis on the effects of being an attitude isolate (i.e. being alone in

one’s opinion in one’s ego network) could not be tested, due to the infrequency

with which individuals were indeed isolated in their opinions. Although not

directly testable, this highlights a potential gap between people’s perceptions

and their true opinion environment when contrasted with previous studies

(Bello, 2012; Nir, 2011). Partially this may occur due to a smaller sample size

in the data applied in this dissertation, but also due to measurement – the pre-
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vious studies asked about ego’s perceptions of agreement or disagreement,

rather than the state of agreement or disagreement constructed from self-

reports of opinions. Comparing these two could yield further insights.

5.2 contributions

In this dissertation, I made scientific contributions on multiple fronts. In par-

ticular, I contributed to the development of micro-macro linking of networks

and political opinions, considered additional multivariable approaches to the

empirical study of political behaviour, and extended methods for developing

realistic agent-based models. In terms of empirical information, I note that se-

lection appears more consistently than influence, but there is some evidence

for both processes – possibly affecting voting behaviour.

5.2.1 Micro-macro framework for networks and political opinions

I built on prior work describing macro-level, societal ideological and affective

political polarization by examining polarization as a networked phenomenon

built out of social micro processes. A key contribution here is in bridging these

processes and outcomes in a single empirical framework. With my coauthors,

we defined new measures of polarization by representing friendships between

individuals and their attitudes towards political issues as a mixed one-mode

and two-mode network. We modelled relevant processes in the stochastic actor-

oriented model, and due to the longitudinal framework were able to disentan-

gle selection and influence on political attitudes in two university communities.

In doing so four new model terms were contributed to the RSiena software in

which the stochastic actor-oriented model is implemented.

5.2.2 Multivariable approach

I examined a variety of issues; 22 topics and 9 referendum votes. Given the

complexities of multiparty systems such as that occurring in Switzerland, ac-
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counting for multiple issues in examining selection and influence may help

draw closer to reflected complexities of identities and interactions where a

more bipolar perspective focused on two-party political systems falls short. In

addition, these issues were selected on potential relevance rather than prior

knowledge of more extreme and/or deep-seated preferences such as party

voting, showing how attitudes about relatively less important issues can affect

and be affected by our networks. In both empirical Chapters 2 and 4, I included

both ego and alter reports of political attitudes, providing one of few empirical

examples where disagreement can be observed absent biases of projection and

selective disclosure occurring in interactions (Cowan & Baldassarri, 2018; Goel,

Mason, & Watts, 2010; Huckfeldt & Sprague, 1995; Laumann, 1969).

5.2.3 Realism of agent-based models

I extended the strengths of agent-based modelling in understanding how micro-

processes occurring between individuals result in societal outcomes, contribut-

ing to the literature by responding to calls for better empirical grounding (e.g.

Baldassarri & Page, 2021; Boero & Squazzoni, 2005; Mäs, 2019; Sobkowicz,

2009; Stadtfeld, Takács, & Vörös, 2020). In particular, the use of an empiri-

cal data set in calibrating and validating an agent-based model allowed the

demonstration of a method to tackle problems of time, theoretical tie specifica-

tion, and accounting for dynamic and endogenous social networks, applying

these to a model of opinion dynamics. Doing so helped to identify that the

studied community would rarely polarize in a two-year time period, with only

increases in latent tendencies towards (dis)agreement producing more polar-

ization than other conditions, but still trending downwards.

5.2.4 Selection is more visible than influence

In both Chapters 2 and 4, primarily evidence of selection was found, whereas

evidence for influence was much more limited – indeed, not all that much

change was present in many attitudes and behaviours. This contrasts with e.g.

Lazer et al. (2010), who had opposite results when examining a single item
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measure of ideology in a group of students particularly engaged in public

policy, but is consistent with a similar cohort studied in a similar manner by

Wang, Lizardo, and Hachen (2020). This is an interesting point for agent-based

modellers who primarily assume influence, with selection being indirectly im-

plemented via e.g. bounded confidence models which assume influence stops

beyond a certain level of difference (Deffuant et al., 2000; Hegselmann, Krause,

et al., 2002).

Notably, the fewer observations of issues in the two-mode network coupled

with the relatively low amount of change amongst them may imply lower

power to detect influence effects as compared to selection effects amongst the

much higher number of individuals (Stadtfeld et al., 2020), though it could be

argued that tie change is particularly high in the emerging networks studied

in the data I applied in this dissertation.

The more reliable appearance of selection than influence remains intriguing,

suggesting that further development of a dynamic network-based approach

within the agent-based modelling context would be an important improve-

ment.

5.3 limitations

The chapters presented are also subject to a number of limitations; primar-

ily these relate to the unobserved qualities of ties and information channelled

through them, limited accounting for node attributes (i.e. individual and issue-

specific variability of effects), and the case-study nature of the analyses pre-

sented.

5.3.1 Tie content and quality

The content of the interactions between individuals cannot be captured with

the data used. Particularly in the case of political discussion ties, this presents

difficulties in knowing the effects of discussions (but not of discussion part-

ners). If one does not talk about the topic at hand, it is less likely that influence
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would occur (outside of heuristic markers of opinions that may reveal them-

selves in other day-to-day interactions, as implied by DellaPosta et al., 2015;

Goldberg & Stein, 2018 and Sokhey & Djupe, 2011).

Similarly, qualities of the ties are not included, such as frequency or duration

of interactions, or strength of the friendship ties, which may also provide vari-

ation in the amount of influence. The friendship ties considered in Chapters 2,

3, and 4 may channel influence, but there are likely a number of mediators

(including political discussions as events), and moderators (such as the level

of trust between friends, or dyadic perceptions of knowledge) in these rela-

tions which could be of importance. A deeper, multiplex perspective on social

ties may be useful in exploring this issue of quality further (Vörös & Snijders,

2017).

5.3.2 Issues, individuals and variance of effects

The issues considered in Chapter 2, and votes in Chapter 4, obviously do

not cover the span of political issues and votes that could have been selected.

Amongst these, there is almost certainly some variance in the extent to which

selection and influence occur. Some issues are likely to be more salient than

others, and polarization, for instance, may occur at a greater rate around such

issues (Baldassarri & Bearman, 2007). Similarly, between individuals these ef-

fects may vary too, with some individuals being more influential, some more

likely to be influenced, and some selecting more strongly depending on their

individual characteristics (Bello & Rolfe, 2014; Boutyline & Willer, 2017; Hov-

land & Weiss, 1951; Katz & Lazarsfeld, 1955). Incorporating explanations of

this variance, especially via the inclusion of additional variables, would be a

substantial improvement to the explanatory power of the models presented,

but would likely require much more data to estimate

5.3.3 Case study

Finally, whole social network studies such as these are necessarily case studies,

as they do not feature a random sampling of individuals but an entire bounded
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network. This is amplified by the fact that the two empirical studies in Chap-

ters 2 and 4 overlap in two of the three cohorts examined. Therefore, gener-

alizability is questionable if variables important for the communities studied

differ from other populations.

5.4 further research

Interesting avenues for further research include the further inclusion of iden-

tity and variables associated with ideology, incorporation of more nuanced

forms of influence, and effects of different contexts.

5.4.1 Political identities in multiparty systems

A key contribution that I highlighted related to the use of multivariable atti-

tudes in considering polarization. While ideology is a core part of polarization

(Rogowski & Sutherland, 2016; Webster & Abramowitz, 2017), identity-based

approaches are extremely relevant, particularly when it comes to affective con-

ceptualizations of polarization. Differences in evaluations of ingroups and out-

groups used in the definition of affective polarization are rooted in the identity-

based perspectives from social psychology (see e.g. Brewer, 2017; Druckman

et al., 2020; Tajfel, 1981). This, of course, is more complicated in measurement

and conceptualization outside of the two-party system of the United States, or

the near two-party system of the United Kingdom (Reiljan, 2020; Wagner, 2021).

Understanding how the sets of political attitudes relate to political identities,

and how these identities are constructed and relate to one another would be

a difficult but potentially valuable task in understanding the levels and causes

of polarization; in particular where these identities may mediate between ide-

ology and effects on and of social ties, as is implied by work on policy versus

identity and affective polarization (Dias & Lelkes, 2022). I expect that the struc-

ture of these identities may be quite complicated: as noted by Zuckerman and

Kroh (2006) individuals may have affiliations to specific segments of the polit-

ical party system, within which they choose. Are political identities in these
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complicated systems similarly hierarchically nested? How much do they over-

lap? These and many other identity-related questions should be examined in

future research on socio-political dynamics (Huddy, 2001).

5.4.2 Extension to other cultural preferences

The emergence of cultural clusters is a common theme in studies of political

divides both in empirical and theoretical settings (DellaPosta, Shi, & Macy,

2015; Flache et al., 2017; Goldberg & Stein, 2018; Mäs et al., 2013). Extension

of the variables used in the models presented in chapters 2 and 3 of this dis-

sertation to include non-political cultural markers, that may provide heuristic

cues about one’s ideology, may help to separate out effects of explicit discus-

sion and indirect observations. These could help to answer questions such as

whether and which sets of similar features may indicate political points of

view, like ‘latte drinking’ and ‘bird hunting’ are said to in the United States

(DellaPosta, Shi, & Macy, 2015), and whether these have consequences for po-

larization in a relational or ideological sense. Interviews digging into people’s

perceptions around these kinds of variables may be useful as a precursor to

such a study, although this cannot inform us about variables that will later

come to be affiliated with political ideology.

5.4.3 Complexities of influence in observational contexts

In the current projects, I focused on simple conceptualizations of assimila-

tive, dyadic social influence, based on simple di- or trichotomized attitudes

or voting. More nuanced forms could be incorporated both in terms of using

less coarse data treatment, and in terms of distinguishing different functional

forms of influence – how is an individual affected by another individual who

has a very strong positive attitude, as compared to various individuals with

milder attitudes of a uniform direction? How does this affect the influence

of these individuals on the overall network? Are some individuals becoming

more extreme in some attitudes in response to others, rather than assimilating

to their possibly moderate point of view? Under the current framework, these



5.4 further research 177

questions are difficult to answer. Though social psychology has already exten-

sively examined conditions for influence, it has focused on experimental work

which does not necessarily provide ecological validity (Turner, 1991).

Beyond assimilative and/or extremetizing forces, repulsive forces are neces-

sary for polarization in simulated opinion models (Flache et al., 2017). These

have been observed in a large-scale online context (Bail et al., 2018), but are not

as easily observed in offline interpersonal tests (Takács, Flache, & Mäs, 2016) in

line with theories of minimal but consistent change in some opinion domains

(Levendusky, 2009). To what extent do these possible effects exist, and when

do they generalize to observational contexts where selection is possible and

bounded similarity effects may take hold (Deffuant et al., 2000; Hegselmann,

Krause, et al., 2002)?

With increasing data and model capabilities these features may be explored

further with potential consequences for the micro and macro links presented.

Combining the sense of real time given in the approach presented in Chap-

ters 2 and 3 with varied functional forms of influence we could also, for in-

stance, account for the speed of changes in macro-level outcomes. Accounting

for the effects of biased opinion sharing while acknowledging that selective

disclosure of an unpopular attitude may have different effects due to heuristic

cues would greatly improve the realism of the models presented.

5.4.4 Relative consequences online and offline

A comparison of online and offline contexts could be useful, particularly in

understanding where interventions may be targeted to reduce polarization

where it is problematic. As noted in the introduction, offline relations are

stronger than purely online ones (Antheunis, Valkenburg, & Peter, 2012; Mesch

& Talmud, 2007), and stronger influence on political opinions could occur via

known than unknown individuals (Weeks & Gil de Zúñiga, 2021), but the

scale of the internet may mean that its ultimate effects are larger. How much

are people channeling information and opinions discovered from online me-

dia via their in-person relationships? How does this compare to impersonal

mass communications over similar media, and how does the context of obser-
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vation (i.e. on the platform versus in-person discussion) affect influence? These

questions linking the perspective presented in this dissertation and the com-

mon online focus on political polarization’s causes could be fruitful avenues

for further research.

Extension of the network models presented in this dissertation to online

contexts, applying digital, relational event data such as interaction events be-

tween individuals combined with survey-based observation to understand re-

lational ties and relational events (Butts, 2008; Stadtfeld & Block, 2017) may

be fruitful. This would enable us to understand the consequences of relations

that vary in the extent to which they are offline and online in interplay with

political opinions. The structural feature-based approach considered in Chap-

ters 2 and 3 – focusing on triads of individuals and issues, connected by social

ties and attitudes respectively, or tetrads of two individuals and two issues con-

nected by attitudes – extend with relative ease to online communication data.

Combining digital communication events with survey opinions, or where re-

liable, attitudes constructed from observations on the digital communication

platforms, may allow for comparison of online, offline, and mixed effects us-

ing appropriate frameworks analogous to the SAOM framework used in this

dissertation, such as dynamic network actor models (Stadtfeld & Block, 2017).

In such a framework, communication event frequency and relationships such

as friendship could be used to extend to weighted networks, and interaction

terms to account for online and offline ties would help compare different con-

nections’ effects. More efficient testing methods for the proposed polarization

index should then be developed, as permutation-based testing requires sub-

stantial computational power which increases non-linearly with network size.

5.5 in closing

Political attitudes and social networks are intertwined. This dissertation ac-

knowledged this, and examined the reciprocal effects between the two, de-

veloping new methods and concepts to build our understanding of societally

relevant outcomes such as voting and polarization. Overall, findings presented
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in this dissertation do not suggest dramatic effects of selection and influence

on polarization in the short term – for which we can be thankful, and perhaps

not too surprised: one does not regularly observe intense ideological conflicts

within single cohorts, though protests involving violence have been known to

occur. Neither do the current results suggest strong effects of discussants and

friends on vote choices. Whether this is good or bad is of course entirely de-

pendent on the qualities of information transmitted by one’s alters. Do they

attempt to persuade in their own favour, or inform in the name of allowing

their contacts to make a choice reflecting their own values? In the former case,

it is desirable that they are unsuccessful.

How consequential processes are that may contribute to polarization, to

what extent they are present, and which methods should be applied to under-

stand them, are all questions tackled in this dissertation. More can and should

be done to understand how and when socio-political fractures may occur and

how they impact us.
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a.1 structures used in the polarization defi-
nition and model

I IA A A A D I I I

I IDDDAA
Ideological 
structures

Relational 
structures

Figure A.1: Structures used in defining polarization. Four-cycles (upper half) are used

in defining ideological, triads in the lower half are used in defining relational po-

larization. "A" and "D" indicate agreeing and disagreeing structures, consistent with

polarization. "I" indicates structures which are inconsistent with our concept of polar-

ization.

a.2 network polarization calculation

Using the networks of bipartite attitudes and people, and people amongst

one another, we define the metrics capturing network polarization. Figure 2.3

shows stylized forms of both a non-polarized network, and a polarized net-

work under our metrics. These metrics are constructed from specific network

structures - the census of mixed triads and the census of mixed, complete four-

cycles of people, friendships, political statements and attitudes. Censuses of

network structures have a relatively long history in the social networks liter-

ature both in descriptive and in inferential analyses (for seminal publications,

see J. A. Davis, 1970; Holland & Leinhardt, 1970). We thus take a census of the

possible configurations of these complete four-cycles and triads, and examine

whether their prevalence relative to one another would suggest polarization in

our data.
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To do this, we also define an expectation. In the ideological aspect of polar-

ization, we define this expectation from a sample of synthetic opinion networks

with the same degree distribution (i.e. all nodes have the same degree) as the

observation. To find these networks, we perform a rewiring procedure. Step by

step, this occurs as follows:

1. Select a random individual a1 (weighted by number of ties)

2. Select a random attitudinal object b1 it is connected to

3. Check the valence of the tie (positive or negative)

4. Select a random connected individual-attitude pair a2b2 of which neither

is connected to the individual-attitude pair from steps 1 and 2, with the

same valence as tie a1b1

5. Swap the ties so that one goes from a1 to b2, and the other goes from a2

to b1

6. Repeat for 3 times the number of ties observed in both the positive and

negative network

For the relational aspect of polarization we take a simpler approach, and

simultaneously permute the rows and columns of the friendship adjacency

matrix, while holding the opinion network constant. This implies an identical

structure of the friendship network, but a changed relationship between the

opinion and friendship network.

We generate 1000 synthetic opinion networks, and 1000 synthetic friendship

networks using this procedure. All code to generate these is available on the

github repository: [omitted for review, available on request] Functions ‘rewire3’

and ‘permuteNet’ generate the networks following the procedures above.

To capture the ideological facet of polarization, defined in Formula A.1 we

count four-cycles of opinions, specifically we take a census of complete tetrads

containing two individuals and two topics. Only opinion ties are considered,

while friendship ties are ignored in these configurations. For both the observed

and synthetic opinion networks, we calculate statistics given below.



184 appendix for chapter 2

i and j are individuals where i ̸= j, k and m where k ̸= m are political issues,

and w+ and w− indicate positive or negative opinion ties between individuals

and political issues.

sagree = ∑ wik+wjk+wim+wjm+ +∑ wik−wjk−wim−wjm− +∑ wik+wjk+wim−wjm−

(A.1a)

defines the count of tetrads where individuals completely agree, while

sdisagree = ∑ wik+wjk−wim+wjm− + ∑ wik+wjk−wim−wjm+ (A.1b)

defines the count of tetrads where individuals completely disagree. Finally,

sinconsistent = ∑ wik+wjk+wim+wjm− + ∑ wik−wjk−wim−wjm+ (A.1c)

defines the count of tetrads where individuals agree on one issue but disagree

on another.

Each term is then normalized, by dividing by the expectation. This is the

mean of each statistic across the 1000 synthetic networks described above. For

example, sagree is divided by E(sagree).

After normalization, we define each metric as follows:

sideological attraction =
sagree

sagree + sinconsistent
(A.1d)

sideological repulsion =
sdisagree

sdisagree + sinconsistent
(A.1e)

sideological polarization =
sideological attraction + sideological repulsion

2
(A.1f)

To capture the social facet of polarization, represented in Formula A.2, we

start with the census of triads containing two people, one attitudinal object,

and two opinion ties. We then calculate the following statistics for both the

observed network of friendships and opinions, and the combined observed

opinions with 1000 permuted friendship networks.

xij represents the binary (0 for no tie, 1 for a tie) value of directed friendships
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between individuals ij, where i ̸= j. wk+ represents positive attitudinal ties to

issue k, and wk− represents negative attitudinal ties to issue k.

sfriends agree = ∑ xijwik+wjk+ + ∑ xijwik−wjk− (A.2a)

defines the count of triads of friends with valenced agreement on a topic,

sfriends disagree = ∑ xijwik−wjk+ + ∑ xijwik+wjk− (A.2b)

defines the count of triads of friends with valenced disagreement on a topic,

snonfriends disagree = ∑−1 ∗ (xij − 1)wik−wjk+ + ∑−1 ∗ (xij − 1)wik+wjk−

(A.2c)

defines the count of triads of unconnected individuals with valenced disagree-

ment on a topic

snonfriends agree = ∑−1 ∗ (xij − 1)wik+wjk+ + ∑−1 ∗ (xij − 1)wik−wjk− (A.2d)

defines the count of triads of unconnected individuals with valenced agree-

ment on a topic.

We normalize all statistics by the expectation, as above. Then, we calculate

the relational polarization indices as follows:

ssocial attraction =
sfriends agree

sfriends agree + snonfriends agree
(A.2e)

ssocial repulsion =
snonfriends disagree

snonfriends disagree + sfriends disagree
(A.2f)

srelational polarization =
ssocial attraction + ssocial repulsion

2
(A.2g)

Both metrics theoretically range from zero to one. It has not been explored

yet to what extent the structure of the observed networks may affect the em-

pirically possible range of the metrics.
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a.3 political statement battery

1. There should be an annual upper limit to the uptake of new asylum

seekers.

2. Switzerland should be able to set quotas for the immigration of foreign

workers.

3. Operators of internet sites should be legally mandated to remove Fake

News that they are made aware of.

4. Children must be vaccinated against contagious illnesses.

5. All banks should be nationalized.

6. There should be a quota for the number of women on supervisory boards

of listed companies.

7. High wealth should be taxed.

8. Arms exports from Switzerland should be prohibited, without exception.

9. The regulated sale of cannabis should be generally permitted.

10. Bank customer secrecy privileges in Switzerland should be loosened to

combat tax evasion.

11. The state should be allowed to invade the privacy of citizens more force-

fully to protect against terrorism.

12. Video surveillance in public spaces should be expanded.

13. Radio and TV license fees should be abolished and replaced by commer-

ical financing.

14. The expansion of renewable energy sources should receive permanent

financial support from the state.

15. Electromobility should be promoted more than conventional mobility

technologies.
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16. More bike paths should be built on public roads in Switzerland.

17. Organic agriculture should be promoted more than conventional agricul-

ture.

18. Food should only be allowed to be imported if it meets Swiss stan-

dards of production regarding sustainability, animal rights, and workers’

rights.

19. There should be a universal basic income in Switzerland.

20. The state should offer more resources for the construction of social hous-

ing.

21. There should be an upper limit to foreign students at Swiss universities.

22. University studies should be strictly free of charge.
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a.4 political statement descriptives

Table A.1: Cohort 1, means, standard deviations, and valid responses to policy items

Wave 1 Wave 5

Item nr. N M SD N M SD

1 154 3.35 1.95 118 3.64 1.85

2 154 3.62 1.76 118 3.67 1.79

3 154 5.60 1.51 118 5.42 1.57

4 154 5.41 1.67 118 5.51 1.63

5 154 3.29 1.52 118 3.19 1.49

6 154 2.91 1.62 118 2.94 1.66

7 153 5.44 1.43 118 5.45 1.36

8 154 4.32 1.76 118 4.34 1.73

9 153 4.98 1.82 118 4.74 1.81

10 154 4.23 1.57 118 4.11 1.55

11 154 3.13 1.53 118 3.27 1.53

12 153 3.44 1.63 118 3.41 1.64

13 154 3.68 1.68 118 2.69 1.58

14 154 5.86 1.27 118 5.76 1.30

15 154 5.51 1.30 118 5.40 1.33

16 153 5.39 1.38 118 5.28 1.42

17 154 5.36 1.26 118 5.32 1.31

18 154 5.34 1.23 118 5.45 1.17

19 154 3.88 1.89 118 3.81 1.82

20 154 4.31 1.42 118 4.62 1.47

21 154 2.44 1.46 118 2.58 1.71

22 154 4.69 1.75 118 4.76 1.77

Note. Ranges from 1 (strongly disagree) to 7 (strongly agree)
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Table A.2: Cohort 2, means, standard deviations, and valid responses to policy items

Wave 1 Wave 5

Item nr. N M SD N M SD

1 393 3.77 1.83 272 4.00 1.73

2 391 3.83 1.59 272 3.93 1.61

3 393 5.50 1.63 272 5.18 1.75

4 392 5.56 1.56 272 5.38 1.61

5 392 2.84 1.53 271 2.79 1.43

6 393 2.89 1.58 270 2.77 1.49

7 393 4.82 1.64 272 4.89 1.50

8 390 3.79 1.84 272 3.80 1.69

9 393 4.77 1.86 272 4.77 1.76

10 393 3.94 1.56 272 3.77 1.48

11 391 3.25 1.67 272 3.38 1.66

12 392 3.65 1.71 271 3.54 1.70

13 392 3.62 1.68 272 3.24 1.69

14 391 5.84 1.36 272 5.62 1.41

15 393 5.47 1.52 272 5.30 1.48

16 393 5.21 1.54 272 5.18 1.51

17 392 5.20 1.32 272 5.12 1.35

18 393 5.11 1.45 272 5.16 1.43

19 393 3.40 1.86 273 3.32 1.74

20 391 4.19 1.41 273 4.26 1.38

21 392 2.59 1.61 273 3.01 1.59

22 393 4.72 1.74 273 4.56 1.80

Note. Ranges from 1 (strongly disagree) to 7 (strongly agree)
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a.5 robustness checks

a.5.1 Model results

While we believe the best model and data specification is the main model pre-

sented, we conducted five robustness checks. Results from all of these models

can be found in tables below, followed by summaries.

In the text that follows, we refer to these models by codes R1-R5. Four of the

alternative specifications were based on data modifications:

First, since our data extended beyond the one-year period used in the main

analysis, we additionally tested until the end of the students’ second year of

their undergraduate studies (R1; i.e. nine waves of data). This was not included

in the main analysis because of substantial change in the size and particularly

participation of the cohorts after the end of the first year. Participation dropped

from 60% at Wave 5 to 48% at Wave 6 for Cohort 1, and from 48% to 36% in

the same period for Cohort 2 (Vörös et al., 2021).

In a second test, we estimated the model for the first to second observation

(R2). The first wave of data had been initially excluded due to difficulties it

caused in estimating the model, likely due to the high instability of the friend-

ship network from Wave 1 to 2 in both cohorts.

Third, we estimated the model with a response to an attitude item of "no

opinion" as missing, rather than a neutral attitude (R3). Notably, this model

misfit significantly on the four-cycles examining the ideological part of polar-

ization (p = .037) for cohort two (tending to generate more four-cycles than

observed).

Fourth, we estimated models with different thresholds for coding ties in the

attitude network (R4). We considered the alternatives one point away from

the neutral option on the scale (i.e. a less extreme threshold) and those at the

outer ends of the scales (i.e. a more extreme threshold). The former of these

two models did not converge, likely due to minimal tie changes – most people

who held a valenced attitude on a topic either maintained an attitude of that

valence, becoming less extreme or becoming neutral, rather than switching to

the other side.
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Lastly, focusing on alternative model specification, and in line with previous

literature (Lazer et al., 2010; Wang, Lizardo, & Hachen, 2020), we considered

the effect of political orientation as a univariate dimension predicting social

ties which may correlate with other political attitudes (R5). We thus included

a homophily term for a simple left-right political orientation scale.



Full Stochastic Actor Oriented Model parameter estimates. 

 Main, 

C1 

Main, 

C2 

Waves 

2-9, C1 

Waves 

2-9, C2 

Waves 

1-2, C1 

Waves 

1-2, C2 

No 

opinion 

NA, C1 

No 

opinion 

NA, C2 

High 

thresh., 

C1 

High 

thresh., 

C2 

Political. 

or., C1 

Political. 

or., C2 

Rate friend W1-W2     11.12*** 8.86***       

     (1.51) (0.83)       

Rate friend W2-W3 6.87*** 5.98*** 6.84*** 6.01***   6.93*** 5.96*** 6.89*** 5.95*** 6.85*** 5.96*** 
 (0.55) (0.36) (0.69) (0.46)   (0.55) (0.41) (0.55) (0.35) (0.60) (0.42) 

Rate friend W3-W4 6.97*** 6.48*** 7.02*** 6.65***   6.94*** 6.40*** 7.01*** 6.54*** 6.97*** 6.47*** 
 (0.58) (0.36) (0.53) (0.32)   (0.57) (0.35) (0.65) (0.38) (0.54) (0.38) 

Rate friend W4-W5 4.30*** 4.94*** 4.33*** 5.10***   4.25*** 4.89*** 4.26*** 5.02*** 4.29*** 4.95*** 
 (0.37) (0.28) (0.36) (0.33)   (0.37) (0.33) (0.40) (0.27) (0.42) (0.32) 

Rate friend W5-W6   3.71*** 4.68***         

   (0.41) (0.38)         

Rate friend W6-W7   8.46*** 7.24***         

   (2.33) (0.90)         

Rate friend W7-W8   3.00*** 3.53***         

   (0.40) (0.33)         

Rate friend W8-W9   1.95*** 2.50***         

   (0.27) (0.23)         

Density friend (intercept) -3.10*** -3.57*** -3.08*** -3.39*** -3.23*** -2.60*** -3.15*** -3.61*** -3.08*** -3.50*** -3.12*** -3.57*** 
 (0.15) (0.10) (0.13) (0.09) (0.42) (0.28) (0.15) (0.11) (0.14) (0.10) (0.14) (0.11) 

friend: reciprocity 3.49*** 3.85*** 3.42*** 3.94*** 3.92*** 4.49*** 3.48*** 3.85*** 3.54*** 3.87*** 3.48*** 3.85*** 
 (0.18) (0.14) (0.16) (0.13) (0.40) (0.32) (0.19) (0.14) (0.18) (0.14) (0.18) (0.15) 

friend: transitive triplets 0.81*** 1.22*** 0.85*** 1.20*** 1.27*** 1.63*** 0.81*** 1.23*** 0.82*** 1.22*** 0.81*** 1.22*** 
 (0.05) (0.04) (0.05) (0.04) (0.19) (0.12) (0.06) (0.04) (0.05) (0.04) (0.06) (0.04) 

friend: transitive recipr. triplets -0.62*** -1.12*** -0.64*** -1.11*** -0.77· -1.39*** -0.62*** -1.12*** -0.64*** -1.14*** -0.62*** -1.12*** 
 (0.09) (0.07) (0.09) (0.06) (0.46) (0.15) (0.09) (0.08) (0.08) (0.08) (0.09) (0.08) 

friend: indegree - popularity 0.07** 0.06*** 0.07*** 0.06*** 0.07 0.07 0.07* 0.06*** 0.07* 0.06*** 0.07** 0.06*** 
 (0.03) (0.01) (0.02) (0.01) (0.04) (0.05) (0.03) (0.01) (0.03) (0.01) (0.02) (0.01) 

friend: outdegree - popularity -0.18*** -0.20*** -0.19*** -0.20*** -0.25*** -0.23* -0.18*** -0.20*** -0.17*** -0.18*** -0.17*** -0.20*** 
 (0.03) (0.02) (0.03) (0.02) (0.06) (0.10) (0.03) (0.02) (0.03) (0.02) (0.03) (0.02) 

friend: outdegree - activity -0.02* -0.01* -0.02** -0.02*** -0.01 -0.08* -0.02* -0.01* -0.02* -0.01* -0.02** -0.01* 



 (0.01) (0.01) (0.01) (0.00) (0.03) (0.03) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) 

friend: anti-isolate -1.70*** -1.41*** -1.27*** -1.21** -1.96* -2.52** -1.69*** -1.41*** -1.73*** -1.45*** -1.68*** -1.42*** 
 (0.39) (0.35) (0.35) (0.37) (0.77) (0.97) (0.44) (0.42) (0.41) (0.31) (0.34) (0.32) 

friend: language 0.23** 0.33*** 0.27*** 0.33*** 0.35** 0.06 0.23** 0.33*** 0.24** 0.33*** 0.23** 0.32*** 
 (0.08) (0.06) (0.07) (0.05) (0.12) (0.09) (0.08) (0.06) (0.08) (0.06) (0.08) (0.06) 

friend: same major 0.50***  0.43***  0.81***  0.50***  0.50***  0.50***  

 (0.06)  (0.05)  (0.09)  (0.06)  (0.07)  (0.07)  

friend: gender alter 0.05 0.27*** 0.10· 0.28*** 0.06 0.15 0.05 0.28*** 0.08 0.26*** 0.05 0.27*** 
 (0.07) (0.07) (0.06) (0.06) (0.11) (0.14) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) 

friend: gender ego -0.16· 0.49*** -0.19** 0.36*** -0.39* 0.03 -0.16· 0.50*** -0.16· 0.48*** -0.16· 0.49*** 
 (0.08) (0.08) (0.07) (0.07) (0.16) (0.24) (0.09) (0.08) (0.08) (0.07) (0.09) (0.07) 

friend: same gender 0.15* 0.42*** 0.19*** 0.29*** 0.21* -0.10 0.16* 0.42*** 0.17* 0.42*** 0.15* 0.42*** 
 (0.07) (0.07) (0.06) (0.06) (0.10) (0.14) (0.07) (0.07) (0.07) (0.07) (0.06) (0.07) 

friend: similar pol. orientation           0.20 -0.05 
           (0.24) (0.19) 

friend: birthyear similarity 0.44 0.45* 0.55* 0.24 0.68 0.23 0.48 0.45· 0.53· 0.40· 0.45 0.45· 
 (0.29) (0.22) (0.25) (0.18) (0.43) (0.32) (0.30) (0.24) (0.28) (0.24) (0.29) (0.24) 

friend: neg.att-pos.att two-pathsa -0.05 0.05 -0.03 -0.00 -0.09 -0.06 -0.03 0.03 -0.14 0.13 -0.05 0.05 
 (0.05) (0.04) (0.05) (0.04) (0.08) (0.07) (0.05) (0.04) (0.21) (0.09) (0.06) (0.04) 

friend: pos.att-neg.att two-pathsa -0.04 0.03 -0.01 0.04 0.07 0.07 -0.01 0.03 0.03 0.02 -0.03 0.03 
 (0.05) (0.03) (0.04) (0.03) (0.08) (0.05) (0.05) (0.04) (0.15) (0.12) (0.06) (0.03) 

friend: pos.att agreement 0.05* 0.02 0.04* 0.03 0.08* 0.02 0.06** 0.03 0.14** -0.06 0.06* 0.02 
 (0.02) (0.02) (0.02) (0.02) (0.03) (0.05) (0.02) (0.03) (0.05) (0.06) (0.02) (0.02) 

friend: neg.att agreement 0.07* 0.06* 0.05· 0.06* 0.04 0.06 0.05 0.09** 0.03 0.09 0.07· 0.06* 
 (0.03) (0.03) (0.03) (0.03) (0.05) (0.04) (0.03) (0.03) (0.07) (0.06) (0.04) (0.03) 

Rate pos W1-W2     6.60*** 7.42***       

     (0.39) (0.50)       

Rate neg W1-W2     4.71*** 4.97***       

     (0.38) (0.30)       

Rate pos W2-W3 6.30*** 7.32*** 6.36*** 7.36***   5.20*** 6.46*** 4.88*** 5.68*** 6.29*** 7.32*** 
 (0.38) (0.33) (0.41) (0.33)   (0.38) (0.36) (0.45) (0.38) (0.40) (0.32) 

Rate neg W2-W3 4.79*** 5.43*** 4.82*** 5.42***   4.67*** 4.90*** 3.30*** 4.10*** 4.78*** 5.42*** 
 (0.35) (0.27) (0.33) (0.35)   (0.32) (0.32) (0.35) (0.32) (0.32) (0.28) 



Rate pos W3-W4 7.37*** 7.12*** 7.39*** 7.12***   6.00*** 6.08*** 5.97*** 5.75*** 7.35*** 7.13*** 
 (0.46) (0.30) (0.49) (0.35)   (0.46) (0.29) (0.47) (0.39) (0.49) (0.28) 

Rate neg W3-W4 4.97*** 5.46*** 5.02*** 5.47***   4.75*** 5.49*** 2.95*** 4.68*** 4.97*** 5.48*** 
 (0.39) (0.27) (0.44) (0.24)   (0.38) (0.31) (0.34) (0.31) (0.41) (0.27) 

Rate pos W4-W5 6.52*** 6.73*** 6.56*** 6.76***   5.62*** 6.19*** 5.07*** 4.67*** 6.53*** 6.72*** 
 (0.43) (0.29) (0.44) (0.42)   (0.41) (0.30) (0.41) (0.35) (0.49) (0.29) 

Rate neg W4-W5 3.55*** 4.31*** 3.59*** 4.37***   3.49*** 4.49*** 2.78*** 3.38*** 3.55*** 4.31*** 
 (0.28) (0.22) (0.29) (0.21)   (0.30) (0.30) (0.24) (0.26) (0.27) (0.19) 

Rate pos W5-W6   5.50*** 5.45***         

   (0.50) (0.29)         

Rate neg W5-W6   3.98*** 4.14***         

   (0.34) (0.28)         

Rate pos W6-W7   4.81*** 5.18***         

   (0.63) (0.38)         

Rate neg W6-W7   3.51*** 4.18***         

   (0.50) (0.40)         

Rate pos W7-W8   5.50*** 5.71***         

   (0.49) (0.37)         

Rate neg W7-W8   3.83*** 4.48***         

   (0.37) (0.30)         

Rate pos W8-W9   4.62*** 5.30***         

   (0.43) (0.30)         

Rate neg W8-W9   3.79*** 4.18***         

   (0.35) (0.25)         

pos.att: outdegree (density) -1.53*** -1.47*** -1.08*** -1.24*** -1.42*** -1.71*** -1.61*** -1.41*** -1.41*** -1.84*** -1.53*** -1.47*** 
 (0.12) (0.07) (0.10) (0.06) (0.25) (0.16) (0.13) (0.08) (0.13) (0.08) (0.12) (0.08) 

neg.att: outdegree (density) -1.75*** -1.61*** -1.25*** -1.49*** -1.10*** -1.82*** -1.56*** -1.48*** -1.78*** -1.95*** -1.75*** -1.61*** 
 (0.15) (0.08) (0.10) (0.08) (0.25) (0.17) (0.18) (0.10) (0.17) (0.11) (0.14) (0.09) 

pos.att: friend to agreement 0.06* -0.01 0.05* 0.05*** -0.08 0.05 0.02 -0.03 0.08· 0.08* 0.06* -0.01 
 (0.02) (0.02) (0.02) (0.01) (0.06) (0.05) (0.03) (0.02) (0.04) (0.04) (0.02) (0.02) 

neg.att: friend to agreement 0.06· -0.01 0.06* 0.03· 0.06 0.03 0.04 0.00 0.12· 0.05 0.07· -0.01 
 (0.03) (0.03) (0.03) (0.02) (0.09) (0.07) (0.04) (0.03) (0.07) (0.05) (0.04) (0.03) 

pos.att: friend and neg.att two-pathsa -0.11* -0.02 -0.06 -0.03 0.09 -0.08 -0.06 0.01 -0.13 0.05 -0.10* -0.02 



 (0.05) (0.04) (0.04) (0.02) (0.13) (0.11) (0.06) (0.04) (0.12) (0.09) (0.05) (0.04) 

neg.att: friend and pos.att two-pathsa 0.08· -0.07· 0.05 -0.07* -0.24 -0.14 0.12* -0.08* -0.20 -0.33* 0.08· -0.07· 
 (0.05) (0.04) (0.04) (0.03) (0.17) (0.11) (0.05) (0.04) (0.19) (0.14) (0.04) (0.04) 

pos.att: 4-cycles (1)b 0.31*** 0.13*** 0.32*** 0.14*** 0.35*** 0.14*** 0.28*** 0.12*** 0.01*** 0.69*** 0.31*** 0.13*** 
 (0.03) (0.01) (0.02) (0.01) (0.05) (0.02) (0.03) (0.01) (0.00) (0.06) (0.03) (0.01) 

neg.att: 4-cycles (1)b 0.63*** 0.26*** 0.66*** 0.26*** 0.83*** 0.34*** 0.55*** 0.21*** 0.02*** 0.01*** 0.63*** 0.25*** 
 (0.07) (0.02) (0.06) (0.02) (0.14) (0.04) (0.08) (0.02) (0.00) (0.00) (0.07) (0.02) 

pos.att: shared neg.att (1) to 

agreementb 
0.07 0.01 0.07 0.01 0.24* 0.01 -0.01 -0.03· 0.32 0.06 0.07 0.01 

 (0.05) (0.02) (0.04) (0.01) (0.10) (0.03) (0.06) (0.02) (0.20) (0.07) (0.05) (0.02) 

neg.att: shared pos.att (1) to 

agreementb 
0.18*** 0.07*** 0.13** 0.04** 0.26** 0.05 0.15** 0.03 0.25 0.24* 0.18*** 0.07*** 

 (0.05) (0.02) (0.04) (0.02) (0.09) (0.03) (0.06) (0.02) (0.19) (0.10) (0.05) (0.02) 

pos.att: indegree - popularityb 0.65** 0.19** -0.16 0.01 0.10 0.23* 1.02*** 0.21*** 0.10 0.32** 0.64** 0.19** 
 (0.20) (0.06) (0.18) (0.05) (0.47) (0.10) (0.23) (0.06) (0.43) (0.10) (0.22) (0.07) 

neg.att: indegree - popularityb 0.14 0.06 -0.62* -0.01 -0.01· 0.07 0.06 0.07 0.39 0.23 0.16 0.06 
 (0.37) (0.09) (0.25) (0.08) (0.01) (0.14) (0.46) (0.11) (0.57) (0.15) (0.36) (0.10) 

pos.att: indegree neg.att popularityb -0.27 -0.57*** -0.02*** -0.69*** -0.24 -0.19 -0.12 -0.70*** -1.01 -0.50* -0.28 -0.57*** 
 (0.31) (0.09) (0.00) (0.07) (0.59) (0.17) (0.33) (0.10) (0.66) (0.22) (0.34) (0.10) 

neg.att: indegree pos.att popularityb -1.02** -0.46*** -0.02*** -0.64*** -0.67 -0.23 -0.01* -0.55*** -0.01 -0.27 -1.02** -0.47*** 
 (0.40) (0.09) (0.00) (0.08) (0.66) (0.16) (0.00) (0.10) (0.01) (0.20) (0.38) (0.10) 

pos.att: different neg.att (1) to 

disagreement type 1ab 
0.87*** 0.38*** 0.87*** 0.34*** 0.92*** 0.38*** 0.72*** 0.31*** 0.04*** 0.01*** 0.88*** 0.38*** 

 (0.12) (0.04) (0.10) (0.03) (0.26) (0.06) (0.14) (0.04) (0.01) (0.00) (0.13) (0.04) 

neg.att: different pos.att (1) to 

disagreement type 1ab 
0.66*** 0.31*** 0.69*** 0.28*** 0.56*** 0.33*** 0.51*** 0.29*** 0.03*** 0.01*** 0.66*** 0.31*** 

 (0.09) (0.03) (0.07) (0.02) (0.17) (0.05) (0.10) (0.03) (0.01) (0.00) (0.09) (0.03) 

pos.att: different neg.att (1) to 

disagreement type 2ab 
0.57*** 0.37*** 0.69*** 0.37*** 0.40· 0.36*** 0.54*** 0.40*** 0.03*** 0.02*** 0.57*** 0.37*** 

 (0.12) (0.04) (0.10) (0.03) (0.22) (0.06) (0.13) (0.04) (0.01) (0.00) (0.12) (0.04) 

neg.att: different pos.att (1) to 

disagreement type 2ab 
0.47** 0.36*** 0.37** 0.42*** 0.45 0.29** 0.32· 0.35*** 0.03* 0.02*** 0.47** 0.36*** 

 (0.15) (0.05) (0.14) (0.04) (0.29) (0.09) (0.18) (0.05) (0.01) (0.00) (0.16) (0.06) 

Overall max. t-ratio 0.186 0.145 0.224 0.236 0.234 0.293 0.229 0.215 0.204 0.249 0.250 0.249 



Param. max. t-ratio 0.040 0.036 0.068 0.068 0.083 0.079 0.055 0.083 0.060 0.091 0.082 0.060 

Iterations 8147 8147 2296 3116 3267 3246 2910 3223 2910 2954 2953 2851 
***p < 0.001, **p < 0.01, *p < 0.05, ·p < 0.1. SEs in brackets. Bolded variable names correspond to hypothesis-testing parameters. aNewly programmed effect. bEstimate 

and SE multiplied by 100 
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As with the main results, we interpret both the model parameters them-

selves, as well as multivariate Wald tests presented in the table at the end of

this section, which test the sum of all parameters representing a single hy-

pothesis. This results table is followed by goodness-of-fit plots on the focal

structures.

Regarding H1a, that people will tend to have friendships with others with

whom they share political attitudes, results are largely consistent with the main

model. One of the two parameters was consistently positive and significant in

Cohort 1, and never significant in Cohort 2, as in the main model. The second

of the two, which was positive and significant in the main model for both co-

horts, was not significant in either cohort in R2 or R4 (i.e. in the first period or

with a higher binarization threshold). In R1, R5 and R3, the parameter was re-

duced to non-significance for Cohort 1. For Cohort 2, the parameter remained

positive and significant for R1, R3 and R5. Using Wald tests grouping the pa-

rameters, results are significant except for Cohort 2 R2 and R4, though the χ2

statistic tends to decrease relative to the main model.

H1b, that people will tend to avoid friendships with people with opposed

attitudes, was consistent with the main model; not supported with either pa-

rameter in any robustness check model. Similarly, Wald tests of the grouped

parameters testing this hypothesis found no significant effect of selection. The

majority of the models contained at least one opposite-expectation parameter

sign.

H2a, that people will tend to hold attitudes that their friends hold, was

largely consistent with the main model, with some exceptions. As in the main

model, a positive and significant effect was found for influence on positive

attitudes towards a topic in Cohort 1 in R1 and R5, but no significant effect

in R2, R3, and R4. In contrast, for Cohort 2, the expected effect was positive

and significant in R1 and R4, unlike the non-significant effect in the main

model. For the second effect testing H2a on negative attitudes, the positive

non-significant effect in the main model for Cohort 1 was significant in R1,

but not in any other model. For Cohort 2, which did not have a significant

parameter in the main model, it remained unsupported in other models. Wald

tests supported the hypothesis in both cohorts for R1 (as opposed to the main
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model where the hypothesis was only supported in Cohort 1). In R4 and R5,

the hypothesis was supported with a similar pattern to the main model, i.e.

only in Cohort 1. In R2 and R3 the hypothesis was not supported by the Wald

tests.

H2b, that people will tend to avoid holding attitudes that are opposed to

their friends’, was tested by two parameters. For the first of these, the robust-

ness check models replicated the positive significant effect in Cohort 1 only

in R5. Consistent with the findings for Cohort 2, no effect was found in any

of the robustness check models. For the second parameter, the non-significant

parameter found in Cohort 1 was increased to positive significance (counter

to expectation) in R3, but was non-significant in R1, R2, R4, and R5. The neg-

ative parameter found in Cohort 2 became significant in R1, R3 and R4, in

line with expectation, while staying non-significant in R5 and R2. Wald tests

yield results similar to the main model: Only in the case of R1 is the test of the

parameters significant, and only for Cohort 2.

Moving to H3a, that individuals sharing some pre-existing attitude are more

likely to share more attitudes in the future, results are more straightforward.

Of the first two of four parameters, both remained positive and significant in all

robustness checks for both cohorts, as in the main model. The third parameter,

which was not significant in either cohort in the main model, became positive

significant in R2 for Cohort 1 and non-significant in R3 for Cohort 2. The

fourth parameter, positive and significant for both cohorts in the main model,

was supported fully in R1 and R5. In R2 and R3 it was only supported for

Cohort 1, and In R4 for Cohort 2. Wald tests support the hypothesis in both

cohorts for all robustness checks.

For H3b, that individuals with opposing attitudes will continue to have more

opposing attitudes in the future, there are again four parameters, showing

robust results. In both cohorts, for all four parameters, results are the same

as in the main model – parameters are positive and significant with three

exceptions. Both of the the parameters become non-significant in Cohort 1 in

R2, while for the same cohort in R3 one parameter becomes non-significant.

Wald tests support the hypothesis in all cases.
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Overall, mixed results on the hypotheses largely retain the level of support

across robustness checks, although patterns are not identical. In sum, it ap-

pears that positive selection (H1a) is robustly supported, negative selection

(H1b) is unsupported, positive influence (H2a) is weakly supported, negative

influence (H2b) is not supported, and latent-cause similarity (H3a) and dissim-

ilarity (H3b) are robustly supported.
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a.5.2 Main goodness of fit statistics for robustness checks
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a.6 summary of effects and goodness of fit
newly added to rsiena

a.6.1 Effects

SAOM effects for three networks with mixed two-mode and one-mode node-

sets were not implemented in the RSiena software at time of writing. Thus,

four new effects were added to RSiena for the purposes of our study. First of

these were two, three-network, mixed triangle effects. These are (using the con-

ventional RSiena shortnames) the “fromDiff" and “toDiff" effects, respectively,

in analogy to “from” and “to” effects for two first mode nodes having a com-

mon bipartite node to which they connect in the same network type, already

present in RSiena.

For the “fromDiff" effect, the dependent tie is the first-mode tie between two

actors, dependent on their having a different connection type to a second-mode

node they have in common. These correspond to the parameters reported in

Table A.4 as “Heterophily type 1” and “Heterophily type 2”.

For the “toDiff” effect, the dependent tie is a second-mode tie of a different

type than the one held by another actor to which the first actor has an outgoing

tie in the first mode. This effect was used in the estimation of parameters

indicated by “Influence, pos. att and neg. att” and “Influence, neg. att and pos.

att”.

In language more familiar to Siena users: “fromDiff" is the effect of the mixed

2-instar to second-mode node m from i in network W and from j in network V,

on the directed tie from i to j in network X.

The “toDiff" effect is the effect of the directed twopath from actor i to node

m, via first-mode node j with ties in network X and W respectively, on actor i’s

connection to m in network V.

The second two new effects relate to the mixed four cycles in the bipar-

tite networks - in particular the oppositional kinds. These are named “opp-

Cycle4.1" and “oppCycle4.2" effects. The .1 and .2 indicate that these are two

different forms of oppositional four-cycles, as for our purposes we saw no
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reason to distinguish between the two conceptually. For both of the statistics

below, X represents the dependent network, W the independent.

oppCycle4.1 is the clockwise path of ties XWWX, starting at an actor sending

tie in network X to the second mode node. This effect was used to estimate

parameters reported in Table A.3 as “Latent divergence type 2, pos. att.” and

“Latent divergence type 2, neg. att.”.

oppCycle4.2 is the clockwise path of ties XWXW, with the same starting

position. This effect was used to estimate parameters reported in Table A.3 as

“Latent divergence type 1, pos. att.” and “Latent divergence type 1, neg. att.”.

a.6.2 Auxiliary statistics (Goodness of fit)

We added two kinds of new auxiliary statistics, which we used for goodness-

of-fit tests in SAOMs. First, we defined a census of mixed triads of three nodes,

two first-mode and two second-mode, including up to three networks. Ties can

only be reciprocal in the pair of first-mode nodes. Additionally, the bipartite

networks are disjoint (i.e. there cannot be a tie present in both networks, for one

dyad at the same time). This census is in the exclusive form, i.e. a closed triad

is not additionally counted in any separate twopath configuration. Similarly,

we count a reciprocal tie between two nodes only once.

Secondly, we created a new census of complete (i.e. where all pairs of nodes

which has one in the second mode and one in the first mode set have a connec-

tion) four-cycles for configurations of two first-mode nodes, two second-mode

nodes, and two network types connecting them, which are again disjoint.
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a.7 main saom results

Table A.4: Main Stochastic Actor Oriented Model parameter estimates and standard

errors: Selection and influence

Effect Cohort 1 Cohort 2

Homophily from pos. att. 0.05∗ 0.02
(0.02) (0.02)

Homophily from neg. att. 0.07∗ 0.06∗

(0.03) (0.03)

Heterophily type 1
a −0.05 0.05

(0.05) (0.04)

Heterophily type 2
a −0.04 0.03

(0.05) (0.03)

Influence, pos. att. 0.06∗ −0.01
(0.02) (0.02)

Influence, neg. att. 0.06 −0.01
(0.03) (0.03)

Influence, pos. att. and neg. att. −0.11∗ −0.02
(0.05) (0.04)

Influence, neg. att. and pos. att. 0.08 −0.07
(0.05) (0.04)

∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Standard errors in parentheses. Dependent tie is dotted line.
aNewly programmed effect.
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Table A.5: Main Stochastic Actor Oriented Model parameter estimates and standard

errors: Convergence and divergence

Effect Cohort 1 Cohort 2

Latent convergence type 1, pos. att.b 0.31∗∗∗ 0.13∗∗∗

(0.03) (0.01)

Latent convergence type 1, neg. att.b 0.63∗∗∗ 0.26∗∗∗

(0.07) (0.02)

Latent convergence type 2, pos. att.b 0.07 0.01
(0.05) (0.02)

Latent convergence type 2, neg. att.b 0.18∗∗∗ 0.07∗∗∗

(0.05) (0.02)

Latent divergence type 1, pos. att.ab 0.87∗∗∗ 0.38∗∗∗

(0.12) (0.04)

Latent divergence type 1, neg. att.ab 0.66∗∗∗ 0.31∗∗∗

(0.09) (0.03)

Latent divergence type 2, pos. att.ab 0.57∗∗∗ 0.37∗∗∗

(0.12) (0.04)

Latent divergence type 2, neg. att.ab 0.47∗∗ 0.36∗∗∗

(0.15) (0.05)

∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05. Standard errors in parentheses. Dependent tie is dotted line.
aNewly programmed effect. bEstimate and SE multiplied by 100.
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a.8 interpretation of auxiliary results of the
main model

For the results described below, see the tables at the end of this section. The

rates in the friendship networks ranged from 4.30 to 6.97 for both cohorts. In

the political attitude network, rates ranged from 3.55 to 7.37. This means that

on average, individuals are estimated to have considered changing one of their

outgoing friendship ties and attitude ties in each network around 4 to 7 times

between subsequent observations.

Examining endogeneity in the friendship networks of both cohorts, we find

positive and significant effects of reciprocity and transitivity. Furthermore,

their interaction was negative and significant, as shown previously by Block

(2015). Indegree popularity was positive and significant, suggesting individu-

als prefer to connect to alters who have more incoming friendship ties. The

related effects of outdegree popularity and outdegree activity were both nega-

tive and significant, suggesting that individuals prefer to connect to alters who

send fewer friendship nominations, and that they prefer to nominate fewer

people as friends as well.

Turning to homophily, we find positive and significant effects of speaking

the same language, being from the same study major (in Cohort 1), and gender.

A positive, yet non-significant effect for age homophily was found in Cohort

2. In Cohort 2 there were additional positive significant effects of gender on

friendship, with women more likely to nominate, and be nominated as friends

than men. Indegree popularity for positive attitude about a political statement

was positive significant in both samples, but not significant in either sample

for negative attitude. The effect of many positive attitudes on others’ negative

attitude on a statement and vice versa was negative and significant, but only

in Cohort 2.
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Table A.6: Full Stochastic Actor Oriented Model parameter estimates.

Cohort 1 Cohort 2

Rate friend W2-W3 6.87 (0.55)∗∗∗ 5.98 (0.36)∗∗∗

Rate friend W3-W4 6.97 (0.58)∗∗∗ 6.48 (0.36)∗∗∗

Rate friend W4-W5 4.30 (0.37)∗∗∗ 4.94 (0.28)∗∗∗

Density friend (intercept) −3.10 (0.15)∗∗∗ −3.57 (0.10)∗∗∗

friend: reciprocity 3.49 (0.18)∗∗∗ 3.85 (0.14)∗∗∗

friend: transitive triplets 0.81 (0.05)∗∗∗ 1.22 (0.04)∗∗∗

friend: transitive recipr. triplets −0.62 (0.09)∗∗∗ −1.12 (0.07)∗∗∗

friend: indegree - popularity 0.07 (0.03)∗∗ 0.06 (0.01)∗∗∗

friend: outdegree - popularity −0.18 (0.03)∗∗∗ −0.20 (0.02)∗∗∗

friend: outdegree - activity −0.02 (0.01)∗ −0.01 (0.01)∗

friend: anti-isolate −1.70 (0.39)∗∗∗ −1.41 (0.35)∗∗∗

friend: ethnicity 0.23 (0.08)∗∗ 0.33 (0.06)∗∗∗

friend: same major 0.50 (0.06)∗∗∗

friend: gender alter 0.05 (0.07) 0.27 (0.07)∗∗∗

friend: gender ego −0.16 (0.08) 0.49 (0.08)∗∗∗

friend: same gender 0.15 (0.07)∗ 0.42 (0.07)∗∗∗

friend: birthyear similarity 0.44 (0.29) 0.45 (0.22)∗

friend: neg.att-pos.att two-pathsa −0.05 (0.05) 0.05 (0.04)
friend: pos.att-neg.att two-pathsa −0.04 (0.05) 0.03 (0.03)
friend: pos.att agreement 0.05 (0.02)∗ 0.02 (0.02)
friend: neg.att agreement 0.07 (0.03)∗ 0.06 (0.03)∗

Overall max. t-ratio 0.19 0.14
Param. max. t-ratio 0.04 0.04
Iterations 8147 8147

Note.∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Dependent tie is dotted line.
aNewly programmed effect. bEstimate and SE multiplied by 100
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Table A.7: Full Stochastic Actor Oriented Model parameter estimates. (cont)

Cohort 1 Cohort 2

Rate pos W2-W3 6.30 (0.38)∗∗∗ 7.32 (0.33)∗∗∗

Rate neg W2-W3 4.79 (0.35)∗∗∗ 5.43 (0.27)∗∗∗

Rate pos W3-W4 7.37 (0.46)∗∗∗ 7.12 (0.30)∗∗∗

Rate neg W3-W4 4.97 (0.39)∗∗∗ 5.46 (0.27)∗∗∗

Rate pos W4-W5 6.52 (0.43)∗∗∗ 6.73 (0.29)∗∗∗

Rate neg W4-W5 3.55 (0.28)∗∗∗ 4.31 (0.22)∗∗∗

pos.att: outdegree (density) −1.53 (0.12)∗∗∗ −1.47 (0.07)∗∗∗

neg.att: outdegree (density) −1.75 (0.15)∗∗∗ −1.61 (0.08)∗∗∗

pos.att: friend to agreement 0.06 (0.02)∗ −0.01 (0.02)
neg.att: friend to agreement 0.06 (0.03) −0.01 (0.03)
pos.att: friend and neg.att two-pathsa −0.11 (0.05)∗ −0.02 (0.04)
neg.att: friend and pos.att two-pathsa 0.08 (0.05) −0.07 (0.04)
pos.att: 4-cycles (1)b 0.31 (0.03)∗∗∗ 0.13 (0.01)∗∗∗

neg.att: 4-cycles (1)b 0.63 (0.07)∗∗∗ 0.26 (0.02)∗∗∗

pos.att: shared neg.att (1) to agreementb 0.07 (0.05) 0.01 (0.02)
neg.att: shared pos.att (1) to agreementb 0.18 (0.05)∗∗∗ 0.07 (0.02)∗∗∗

pos.att: indegree - popularityb 0.65 (0.20)∗∗ 0.19 (0.06)∗∗

neg.att: indegree - popularityb 0.14 (0.37) 0.06 (0.09)
pos.att: indegree neg.att popularityb −0.27 (0.31) −0.57 (0.09)∗∗∗

neg.att: indegree pos.att popularityb −1.02 (0.40)∗∗ −0.46 (0.09)∗∗∗

pos.att: different neg.att (1) to disagreement type 2
ab 0.57 (0.12)∗∗∗ 0.37 (0.04)∗∗∗

neg.att: different pos.att (1) to disagreement type 2
ab 0.47 (0.15)∗∗ 0.36 (0.05)∗∗∗

Overall max. t-ratio 0.19 0.14
Param. max. t-ratio 0.04 0.04
Iterations 8147 8147

Note.∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. Dependent tie is dotted line. aNewly programmed effect.
bEstimate and SE multiplied by 100
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a.9 network descriptives

Friendship descriptives

Table A.8: Friendship network descriptives, Cohort 1

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5

N 202 236 225 215 210
Structural missing 59 25 36 46 51

Density 0.01 0.02 0.02 0.02 0.02
Mean degree 0.92 2.39 2.30 2.44 1.92
SD indegree 1.26 2.40 2.37 2.59 2.10

SD outdegree 1.73 3.17 3.08 3.29 2.69
Jaccard (t vs. t − 1) 0.37 0.66 0.68 0.75

Structural missing indicates individuals not part of the cohort at time of data collection.

Table A.9: Friendship network descriptives, Cohort 2

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5

N 529 635 625 620 603
Structural missing 131 25 35 40 57

Density 0.005 0.01 0.01 0.01 0.01
Mean degree 1.54 1.93 2.22 2.55 2.15
SD indegree 1.65 1.90 2.16 2.22 2.13

SD outdegree 1.98 2.63 2.94 3.17 3.31
Jaccard (t vs. t − 1) 0.55 0.68 0.70 0.76

Structural missing indicates individuals not part of the cohort at time of data collection.
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Attitudinal descriptives

Table A.10: Political network descriptives, Cohort 1

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5

Density, pos 0.37 0.34 0.34 0.34 0.34
Density, neg 0.23 0.24 0.21 0.23 0.22

Mean indegree, pos 49.55 44.27 42.73 42.23 36.18
Mean indegree, neg 30.59 31.41 26.36 28.91 23.91

Mean outdegree, pos 4.18 3.73 3.60 3.56 3.05
Mean outdegree, neg 2.58 2.65 2.22 2.44 2.02

SD indegree, pos 33.69 24.94 25.82 26.39 23.20
SD indegree, neg 25.69 24.06 22.40 22.79 20.41

SD outdegree, pos 4.41 4.25 4.39 4.31 4.20
SD outdegree, neg 3.00 3.22 2.99 3.19 2.94

Jaccard, pos (t vs. t − 1) 0.76 0.76 0.76 0.77
Jaccard, neg (t vs. t − 1) 0.73 0.72 0.72 0.78

Table A.11: Political network descriptives, Cohort 2

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5

Density, pos 0.35 0.32 0.31 0.30 0.31
Density, neg 0.25 0.24 0.23 0.24 0.23

Mean indegree, pos 119.27 88 91.32 90.64 76.23
Mean indegree, neg 84.64 66.27 67.68 72.09 56.95

Mean outdegree, pos 3.98 2.93 3.04 3.02 2.54
Mean outdegree, neg 2.82 2.21 2.26 2.40 1.90

SD indegree, pos 81.51 55.40 58.57 56.53 52.26
SD indegree, neg 62.74 45.90 47.04 50.54 41.11

SD outdegree, pos 4.12 3.89 3.88 3.77 3.66
SD outdegree, neg 3.28 3.30 3.25 3.33 3.10

Jaccard, pos (t vs. t − 1) 0.72 0.71 0.73 0.72
Jaccard, neg (t vs. t − 1) 0.72 0.72 0.69 0.73
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a.10 expectation and observation by wave in
four dimensions
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Figure A.2: Two-dimensional observed network polarization (red circle) relative to

expectation in two cohorts (blue diamond), with simulated values (grey dots). Dotted

blue line indicates boundary for vertical axis, red indicates boundary of variable on

horizontal axis, both at p < .05 (one-sided).
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a.11 main gof statistics aggregated across waves

Figures A.3 and A.4 show the most relevant structures which the estimated

model should reproduce. These are those that are also used in the calculation

of network polarization. In these figures, the x-axis labels give a notational and

graphical representation of all relevant tetradic and triadic multilevel network

structures.

The violin plots here show the frequency distribution of the structure speci-

fied on the x-axes, in networks generated by simulating from each observation

wave until the following observation 5000 times, using the estimated model.

The red diamond represents the observed value relative to these simulations,

aggregated across all simulations. Numbers are the true counts of the given

statistic. A better fitting model has observed values closer to the center of the

simulated distribution. Using the Mahalanobis distance of the given structures

in the observed versus simulated data, we test for significant discrepancy be-

tween our model and our observation. If the p-value is low, observations in

the data fall too far to the extremes of the distributions generated by model

simulation and therefore it is unlikely that our observed data could have been

drawn from the estimated model.

First, we examine the mixed four cycles of pairs of individuals and their

attitudes, indicating the attitude clustering regardless of social connection, as

given in Formulas 2.1 and 2.2. Figure A.3 shows that the model plausibly re-

produces the observed data in terms of attitudes between individuals in both

cohorts, although there is a tendency towards over-generation of perfect dis-

agreement structures and mixed agreement-disagreement structures in Cohort

2. Overall, the model fits well to the focal features. Goodness of fit on other

features of the network are reported in Appendix A.13.

Second, we examine mixed triads of individuals and political statements,

connected by friendships and attitudes. As mentioned previously, these repre-

sent the clustering of individuals with shared (or opposing) attitudes, i.e. the

social aspect of polarization given in Formulas 2.3 and 2.4. Figure A.4 shows

the fit of the model to the observed census of mixed triads in the network. We

see that the model does not significantly misfit on these structures in either co-
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hort. However, it seems that in Cohort 1 there are slightly too many structures

with reciprocal friendship ties generated by the model, and slightly too few

with one-sided friendships. This bias is not apparent in Cohort 2.

In analyses not reported here, separation of the fit statistics by period (i.e.

counting the structures at each sequential wave, instead of in aggregate) sug-

gests the model significantly overestimates the tendency towards specific po-

larization structures at the earlier time point, but underestimates them at the

later one, particularly in Cohort 2 (Appendix A.12). Given the high number

of parameters included in the model, however, we opt to retain the uniform

parameter estimates to reduce the risk of overfitting and type II errors.
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Figure A.3: Goodness-of-fit on four-cycle meso-structures. Upper row is Cohort 1,

lower row is Cohort 2. Columns represent structures with corresponding notation and

pictogram. i and j represent the individuals on the left and right, with the first digit

representing the upper tie and the second digit the lower. Digits 1 and 2 indicate posi-

tive and negative network. p-values from Mahalanobis distance between all structures

in simulation and observed data.
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Figure A.4: Goodness-of-fit on triadic meso-structures. Upper row is Cohort 1, lower

row is Cohort 2. Columns represent structures with corresponding notation and pic-

togram. ij and iji represent single and reciprocal social ties respectively. Digits 1 and 2

indicate positive and negative attitude network. First position indicates the tie of the

individual on the left, the second, the individual on the right. p-values from Maha-

lanobis distance between all structures in simulation and observed data.





A.12 main gof statistics, by wave 223

a.12 main gof statistics, by wave
42

0
35

4
20

3
18

3 11
43

2
21

28
7

10
41

7 13
3

82
18

2

−2

0

2

4

6

ij1
1

iji1
1

ij2
2

iji2
2
bip

12
bip

11
bip

22 ij1
2

ij2
1

iji1
2

p = 0.014

C
oh

or
t 1

Waves 2 −> 3

37
8

37
5

19
0

17
1

11
55

0
19

51
2 10

23
1 12

2
11

5
17

0

−2

0

2

4

ij1
1

iji1
1

ij2
2

iji2
2
bip

12
bip

11
bip

22 ij1
2

ij2
1

iji1
2

p = 0.024

 

Waves 3 −> 4

26
7

31
8

16
8

14
5

87
84 16

09
6

87
29

50
78

96−2

0

2

4

ij1
1

iji1
1

ij2
2

iji2
2
bip

12
bip

11
bip

22 ij1
2

ij2
1

iji1
2

p = 0.432

 

Waves 4 −> 5

47
3

47
1

24
4

26
3 52

95
4

77
38

6
43

11
7

16
4 17

0
25

9

−4

−2

0

2

4

6

ij1
1

iji1
1

ij2
2

iji2
2
bip

12
bip

11
bip

22 ij1
2

ij2
1

iji1
2

p = 0

C
oh

or
t 2

 

65
8

59
2

41
4 42

7
55

42
2

80
07

2
50

58
5

20
0 23

4
37

6

−2.5

0.0

2.5

5.0

ij1
1

iji1
1

ij2
2

iji2
2
bip

12
bip

11
bip

22 ij1
2

ij2
1

iji1
2

p = 0.007

 

 

61
0

57
8

33
1

35
9 43

94
9

72
73

8
41

42
8

18
1

15
5

31
2

−2

0

2

4

ij1
1

iji1
1

ij2
2

iji2
2
bip

12
bip

11
bip

22 ij1
2

ij2
1

iji1
2

p = 0.048

 

 

Mixed triads by period

42
07

4

11
35

2 35
46

3

48
65

84
04

37
95

4

19
02

2

−2.5

0.0

2.5

5.0

i11
j11

, A

i22
j22

, A

i21
j21

, A

i12
j21

, D

i11
j22

, D

i11
j12

, I

i22
j21

, I

p = 0.007

C
oh

or
t 1

Waves 2 −> 3

39
41

3

11
17

6

31
12

7

45
90 97

05

31
32

2

21
19

9

−2.5

0.0

2.5

5.0

i11
j11

, A

i22
j22

, A

i21
j21

, A

i12
j21

, D

i11
j22

, D

i11
j12

, I

i22
j21

, I

p = 0.018

 

Waves 3 −> 4

31
25

4

96
45

27
91

3

37
09

72
05

25
82

8

15
84

5

−2

0

2

4

i11
j11

, A

i22
j22

, A

i21
j21

, A

i12
j21

, D

i11
j22

, D

i11
j12

, I

i22
j21

, I

p = 0.716

 

Waves 4 −> 5

12
63

40

48
44

6 11
40

89

24
78

0

48
70

8

13
38

63

96
79

7

−3

0

3

6

i11
j11

, A

i22
j22

, A

i21
j21

, A

i12
j21

, D

i11
j22

, D

i11
j12

, I

i22
j21

, I

p = 0

C
oh

or
t 2

 

11
86

64 55
43

7

12
21

93

24
08

2

48
32

2

13
09

59

10
15

96

−2

0

2

4

i11
j11

, A

i22
j22

, A

i21
j21

, A

i12
j21

, D

i11
j22

, D

i11
j12

, I

i22
j21

, I

p = 0.12

 

 

11
77

79

47
06

3

11
78

22

21
50

2

38
71

0

11
52

66

84
93

1

−2

0

2

4

i11
j11

, A

i22
j22

, A

i21
j21

, A

i12
j21

, D

i11
j22

, D

i11
j12

, I

i22
j21

, I

p = 0.089

 

 

Mixed four−cycles by period



224 appendix for chapter 2



A.13 other goodness of fit statistics for main models 225

a.1
3

ot
he

r
go

od
ne

ss
of

fi
t

st
at

is
ti

cs
fo

r
m

ai
n

m
od

el
s

● ●●●● ●●●● ●● ●●● ●● ●●● ● ●● ●● ● ●●● ● ●● ●● ●●●●● ●

●● ●● ●● ●●● ● ●●● ●●●● ●● ●●● ● ●● ●● ●●● ●●

● ●●● ●● ● ●●● ● ●● ●●● ●●●● ●● ●●●●●● ●

●●● ● ●● ● ●●● ●●●● ● ●●● ●● ●● ● ●●● ● ●●● ●● ●● ●● ●●●● ●●● ●● ●● ●

● ●●● ● ●● ● ●● ● ●●● ●● ●● ●●● ● ● ●●●●● ● ● ●● ●● ●● ●● ●●●●● ●● ●●● ●● ●● ●● ● ●● ●● ●● ●●●● ●

● ●●●● ●●● ●● ●● ●●●●● ●●●● ●● ● ● ●● ● ● ●● ●●● ●●

● ●● ● ●●● ●● ●●●●● ●●●● ●● ● ● ●●● ●●●●
●●● ●● ●● ●● ●●●● ●● ●●● ●● ●●●● ● ●● ●● ●●●● ●●●● ● ●●● ●●● ●● ● ●● ●● ●●● ●● ●● ● ●●●●●●

● ●●●● ●●● ●● ●● ●●● ●●●●● ● ●●● ●●●● ●●● ●● ●● ●● ●●●●●● ●●● ●● ●●●●● ●●● ●● ●● ●● ●●●●●●● ●●●● ●● ●● ●●●●● ●● ●● ●●● ●●●●● ● ●●● ● ●●● ●● ●●●● ●●
●● ●●● ●● ●● ●●●● ●●●● ●●● ●●●●●●●● ●●●● ●● ●● ●●●●● ●● ●●●●● ●●● ●● ● ●●● ● ●●●● ● ●●●●● ●● ●●● ●● ●● ● ●● ●●● ●● ● ●● ● ●●●● ●● ● ●● ●●●● ●● ● ●●●●●●●● ●● ●● ● ●● ●● ●●● ●

●●●●●● ●●●●●●●●●●●●● ●●● ●●● ●● ●● ●●●● ●●●●●●● ●

●●●●●●● ●● ●●●●

●●●●●●● ●●●●●● ●● ●●● ●●●● ●●●●●●●●● ●●●●●●●●●●● ●●●●●●●● ●●●●● ●●●● ●● ●●●●●●●●●●●● ●●●● ●●●● ●●●●●●●●● ●●●●● ●●●● ●●●●●●● ●●●● ●● ●●● ●●●●●●●● ●●● ●●●●●● ●●● ●●●●●● ●●●● ●● ●●● ● ●●●●●●●●● ●●●●●●●● ●●●● ●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●● ●●● ● ●●●●●●●● ●● ●●●●●●●● ●●●● ●●●● ●●●●● ●●●● ●● ●●●●● ●●●● ● ●●● ●● ●● ●●●●● ●●● ●●●●●●●● ●●●●●●● ●● ●●●● ●●●●●●●●●● ●●●● ●●● ●●●● ●●●● ●●●●●●● ●●● ●● ●●●● ●●●●●●●●● ●●●●●●●●●● ●●● ●● ●●●● ●●● ●●●● ●●●●● ●●●●●●● ●● ● ●● ●●●●●● ●●●●● ●● ●●● ●● ●● ●● ●●● ●●● ●●● ●●●●●● ●●

288

393

493

606

691

724

750

762

774

777

779

783

783

−
5.

0

−
2.

5

0.
0

2.
5

0

1

2

3

4

5

6

7

8

9

10

11

12

p 
=

 0

Freq. (z−scored, centered)

C
1 

in
de

g.

●● ●● ● ●● ●● ● ●● ●● ●● ● ●

●● ●●●● ● ●● ● ●● ● ●● ● ●●● ●● ●●● ●●● ●●● ●●● ●

●● ● ●●● ● ●●●● ● ●●●

●●● ● ●●● ●●● ●● ●●● ●● ● ● ●● ●● ● ●● ● ●●●● ● ●● ● ●●●● ●● ●● ● ●●● ● ●

●● ●●● ● ● ●●●●● ●●●●● ● ●● ●

● ●●● ● ●● ●● ●● ●●● ●● ●● ● ●●●●● ● ●● ●● ● ●●● ●●

●●●● ●●●● ●●● ● ●●● ●● ●● ●● ● ●●● ●

● ●● ● ●●● ●●● ● ●● ●● ●●● ●●● ●●●● ● ●●● ●● ●●
●● ● ●●● ●● ●●●●● ●

●● ●●●● ●●● ●●●●

●●●●● ●● ●●●● ●●

● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●● ●●●●●●●●●●● ●●●●●●●●●● ●●●● ●●●● ●● ●●●●●●●●● ●●●●●●● ●● ●● ●●●● ●●●●●●●● ●●●●●●●●●●●● ●●● ●● ●● ●●●● ●●●●●●●●● ●●● ●●●●● ●●● ●●●●●●●●● ●●●●●● ●●●●●●●●●● ●●●●●●●●● ● ●●●● ●●● ●●● ●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●● ●●●●●●●●●●●

●●●●●●●●●●●●●

●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●● ●●●●● ●●●●● ●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●● ●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●● ●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●● ●●●●●● ●●●●●●

608

987

1341

1605

1759

1866

1918

1958

1968

1974

1978

1980

1980

1980

−
5.

0

−
2.

5

0.
0

2.
5

0

1

2

3

4

5

6

7

8

9

10

11

12

13

p 
=

 0
.0

8

Freq. (z−scored, centered)

C
2 

in
de

g.

● ●●● ● ●● ●● ●●● ●● ● ●●● ●●●●● ● ●● ●●●● ●●● ● ●● ●●● ●●
●● ● ●● ●● ● ●● ● ●● ●●● ●● ● ●●● ●● ●● ●● ● ● ●● ●●

● ● ● ● ●● ●●●● ●● ●● ● ● ●● ●● ●●●●● ●●● ● ●● ●●●● ●● ●● ●●● ● ●● ●●● ● ●● ● ●● ●●

●●● ● ●●● ●● ●● ●●● ●● ●●● ● ●● ●● ●● ●● ●● ● ●● ●
● ● ●●●● ●● ●●● ●●●● ●● ● ●●●

●● ●●● ●●● ● ● ●●● ●●● ●●●●●● ● ●● ●● ● ●●● ●● ● ●● ●● ● ● ●●

●●●● ●● ●● ● ●●●● ● ●● ●● ● ●● ●●● ●●●●● ●● ●●●● ●● ● ●● ● ●

● ●● ● ●●● ● ●●● ●● ●● ●● ●● ●● ●● ●● ●● ●●● ●● ● ●
●● ●●● ● ●● ●●●● ●● ● ● ●●●● ●● ●●●● ●● ●●● ●● ●●● ●● ●●● ●●● ●

● ●●● ●●●●● ●● ●● ● ●●
●● ● ●●●●●●● ●●● ●● ●●●●●●●

●●●●● ●● ● ●● ●●●●●●● ●●●

●●●● ●●●● ●●●●●● ●● ●●● ●● ●●●●● ●●
●●●● ●●●

●●● ●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●● ●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●● ●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●● ●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●

●●● ●●●● ●● ●● ●● ●●●● ●● ●●●● ● ●● ● ●● ● ●●●●● ●●● ● ●●●● ●●●●● ●●● ●● ●● ●●●● ● ●●● ●●● ●●●●● ●● ●● ●●●● ●●● ● ●●● ●●● ●● ●●●●● ●●●● ● ●●●●●● ●●●● ●●●● ●●●●●● ●● ●● ●● ●●● ●●●●●●● ●● ●●●●● ●●●● ●●● ●●●●●●●●● ●●● ●● ●●●●●● ●●●● ●● ●● ●●● ●●●● ●●●● ●● ●●● ●●● ●● ●●●●●● ● ●●●●● ●●● ●● ●●●●● ●● ●●●●●● ●●● ●●●● ●● ●●●● ●● ●●● ●●● ●● ●●●●●●●● ●●●●●● ●● ●●●● ●●● ●● ●● ●● ● ●●●● ●●●●●● ●●●● ●●●●●●● ●● ● ●● ●●●●● ●● ●●●●●● ●●● ●●●● ●●● ●● ●●●●●● ●●● ●●●●● ●●●● ●●●●●● ● ●●●●● ●● ●●●●●● ●● ●● ●●●● ●● ●●● ●●●●●●●● ●●●● ●●●● ●●●●●● ●●●● ●● ●● ●● ●●●● ●●●● ●●● ●● ●●●● ●●●● ●●●●●● ●●● ●●● ●●●●● ●●●●●●● ●●●● ●●● ●● ● ●●● ●●● ●● ●●●● ●●●● ●●●● ●●●● ●●●●●● ●●●●● ●● ●●● ●●● ●●●●●● ●● ●●● ●●●●●● ●● ●● ●●● ●● ●●●●●● ●●● ●●● ●● ●● ●●●●● ●●●●●● ●●● ●●● ●●● ●●● ●● ●●● ●●● ● ●● ●●● ●●●● ●● ●●● ●● ●●● ●● ●●●●● ●●● ●●● ●● ●● ● ●●●● ●● ●●●●●●●●●●●● ●●● ●●● ●●●● ●●●●● ●●●●● ●● ●●●● ●● ●●●●● ● ●● ●●●●● ●●●●●●●●● ●●●●●●● ●●●● ●● ●●●●● ●● ●●●● ●● ●●●●●● ●●● ●●●● ●●● ●●●●●●● ●●●● ●●● ●●● ●● ●●● ●●●●●●● ●●●● ● ●●●●● ●●●● ●●● ●●●●●● ●●●● ●● ●●●● ●●●●●● ●● ●● ●●● ●● ●●●●●●● ●●●● ●●● ●●●●●●●● ●● ● ●●● ●●●● ●●● ●● ●●●● ●●● ●●● ●●●● ●●●● ●●●●● ● ●●●● ●●● ●●● ●●●● ●●●●● ●●●●● ●●●●● ● ●●●●●● ●● ●● ●●●●●● ●● ●●●●● ●●● ●●●● ●●●●●●● ●● ●●● ●●● ●●●● ● ●●● ●● ●●●●●●●●●● ● ●●●● ●●●●● ●●● ●●● ●●●●● ●●● ●● ●●●● ●●●●● ●●● ●●●● ●● ●●● ● ●●●●● ●●●●●●●● ●● ●● ●●●● ●●● ●●●● ●●●●● ●●● ●●●● ●●● ●●●● ●●●●●●● ● ●●● ●● ●●●●●●●●● ●●●● ●●● ●●● ● ●●●●● ●●● ●●●● ●●●●●● ●● ●●●●●●● ●●●● ●● ●● ●● ●●●●● ●●●● ●●● ●●●●●●● ●●● ●●● ●●● ●●● ●●● ●●●●● ●● ●● ●●●● ●●●● ●●●●●●●●● ●● ●●● ●●● ●●● ●● ● ●● ●● ●●●● ●●● ●●● ●●● ●●● ●●●●●●●●●● ●●●●● ●● ●●● ●●●●●●● ●●●●● ●●●● ●●●●● ●●● ●●● ●●● ●●●●●● ●●●●●●● ●● ●● ●●●● ●●● ●●● ●●●●●● ●●● ●●●● ●●● ●● ● ●●● ●● ●●●●●●●●●● ●●●●●● ●●● ●●●●●● ●●●● ●●●●● ●●●●●●● ●●●●● ●●●●●●●●● ●●● ●● ●● ●●●● ●●●●● ●●● ●●● ● ●●●●●●● ●● ●● ●●●●●● ●●●●●● ●● ● ●● ●●●●● ●● ●●●●●● ●● ● ●●●●●● ●●●● ●● ●●● ●●● ●●●●●● ●● ●●●● ●●● ●●● ●● ●●● ●● ● ●●●●●●● ●●● ●●● ● ●●●● ●●●●●●● ● ●●● ●●● ● ●● ●● ●●●●● ●●● ●● ●●●●● ●●●●●●● ●●● ● ●●● ●● ●●● ●●●●● ●●●● ●●●● ●●●● ●●● ●●● ●● ●●● ●●●●●● ● ●● ●● ●●●● ●●●●● ●●● ● ●● ●●● ●● ●●●● ●● ●● ●● ●●●●● ●●●● ●●●●●● ●● ●● ●●●● ●●●●●●● ●● ●●●●●● ●● ●●●●●●● ●●● ●●● ●●●● ●●● ●●●●●● ●● ●●●● ●●●● ●●● ●●● ●●●●●●●●●●●●● ●● ●● ●●●●● ●●●●●● ●●●●●● ● ●● ● ●●● ●● ●● ●●● ●●●● ●● ●● ●● ●●●● ●● ●●● ●● ●●● ●● ●● ●●●● ●●● ●●●●●● ●●●●●●● ●●●●●● ●● ●●●● ●●●●● ●●●● ●● ●● ●● ●● ●●●●●● ●● ● ●●● ●● ●●● ●●● ●●● ●●●● ●●●●●●●●● ●●● ●● ●● ●●● ●●●● ●●● ●●● ●●● ●●●●●●●● ●●●●● ●● ●● ●●●● ● ●●● ●●●●● ●●●● ●● ●● ●●● ●● ●●● ●●●● ●●●●●● ●●●●●● ●●●●● ●● ●●●● ●●●● ●●●●● ●● ●● ●●●● ●●●● ●●●● ●●●●● ●● ●● ●●●● ●● ● ●● ●●● ●●●● ●●● ●●● ●●● ●●●●●●●●● ●●●●● ●● ●●●● ●● ●●●●● ●●●● ●●●●●● ●●● ●

● ●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

445
479

525
575

633
672

710
736

752
768

772
774

775
778
780

782
782

782
782

782
783

−
7.

5

−
5.

0

−
2.

5

0.
0

2.
5

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

p 
=

 0
.2

38

Freq. (z−scored, centered)

C
1 

ou
td

eg
.

●● ●●● ●● ●●●● ● ●● ●● ● ●●●● ●● ●● ●●

●● ● ●● ●●●●● ●●● ● ●● ●● ●● ●●● ●● ●●● ● ●● ● ●●● ●● ●●

● ●●●● ●●● ● ●● ●● ●● ● ●●●
● ● ● ● ●●●●●● ● ●●●

●● ●● ●●● ● ●●●● ●●●● ●●● ● ●●●●● ● ●●●●
● ● ● ●● ● ●● ●● ●●● ● ●●● ● ●● ●●● ●●● ●●● ●● ●● ●●● ●● ● ●●●

●● ● ●● ●●● ●● ● ● ●● ●●● ●●● ●● ● ●● ● ●●● ●
●● ●●● ●● ●● ● ●●● ●●● ● ● ●● ●●● ●●● ● ●●●●● ● ●● ●●●

●●●● ● ●●● ● ●● ●●● ●● ●●● ●●● ● ●●● ●● ●● ●●● ●● ●● ●● ●●●● ●●●● ●● ● ●●● ● ●● ● ●●● ● ●● ●

●● ●●● ● ●● ●● ●●●● ●● ●●● ●●●● ●●● ●●●● ●● ●● ● ●

● ● ●●● ●● ●● ●●

●● ●●●● ●●● ● ●● ●●●● ●● ● ●●● ●● ●●●● ●●●● ● ●● ● ●●●● ●● ● ●●●● ●

●● ●●

● ●●● ●●●●●●● ●●●●● ●●● ●●● ●●●●●●●

●● ● ●● ●●● ●●●●● ●● ●●●●●● ●● ●●● ●●●●● ●●●●● ●● ●●● ● ●● ●● ●●●● ●

●● ●●● ●●●● ●● ●●●
●●

●

●●●● ●●●●●●●●●●●●● ●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●● ●●●●● ●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●● ●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●● ●●●● ●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●● ●●● ●●●●●●●●●● ●●●●●●●● ●●●●●●●●● ●●●●● ●●●●●●● ●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●● ●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●● ●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

1203
1250

1355
1472

1611
1721

1809
1859
1901

1925
1943

1957
1962

1967
1969

1972
1975
1977

1977
1977

1980
−

6

−
4

−
2024

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

p 
=

 0

Freq. (z−scored, centered)

C
2 

ou
td

eg
.

● ● ●●● ●●● ●●● ●●● ●● ●● ● ● ●● ● ●●● ●● ●● ●● ●● ●●● ●● ●●● ● ●● ●● ● ●● ●●
●● ● ●●● ●● ●●● ●●●● ●● ● ●●● ●● ● ●● ● ●●● ● ●● ● ●●

● ●● ●●● ● ●●●● ● ●●●● ● ●● ●●● ● ●● ●● ●● ●● ● ● ● ●● ● ●●● ●
● ● ●● ●● ●●● ● ●● ●● ●● ●●● ●●●● ●● ●●● ●●● ●●● ● ● ●● ●●● ● ● ●●

●● ●● ●●●● ● ●● ● ●● ●● ●● ●●●● ●● ●● ● ●● ●●● ●●● ●●●● ●● ●● ●● ●● ●● ●●● ● ●● ● ●

●● ●● ● ● ●● ●●●●● ● ●● ●● ● ●● ● ●● ●● ●● ●●● ●● ●● ● ●●●●● ● ●●● ● ●●

●● ●● ●● ●●● ●●● ●● ●● ●●●●● ●● ●●●● ● ●● ●● ●● ●● ●●● ●●● ●● ●
● ● ●●● ●● ●● ●● ● ● ●●●● ● ●●●● ●● ●●● ●

● ●● ● ●● ●●● ●●● ●● ●●●● ● ●● ● ●●● ● ●●●● ● ● ●● ●●●● ●●●● ●●● ● ●●

●●●●●●●●●●●●● ●●●●● ●●●●●●●●● ●●● ●● ●●● ●●●●● ●●● ●●●●● ● ●●

●● ●● ● ●● ●● ●● ●●● ● ●●● ● ●● ● ●●●●● ●●● ● ●

● ●●● ● ●● ● ●●● ●● ● ● ●● ● ●●●● ●●● ● ●●● ● ● ●● ●● ●● ●● ●●●●● ●● ●● ●● ●●●● ●

●● ●●● ●● ●● ●● ●● ●● ●● ●●● ●● ●● ●● ●● ●●● ●

● ●●●●● ● ●● ●●● ●●● ● ● ●● ●●●●● ● ●●● ●●● ●●● ●●●● ● ●●●● ●●● ● ● ● ●● ●●● ●● ●●● ●● ●● ●● ●●●●● ● ● ● ●● ●●●●● ●● ● ●●●● ●● ●● ●●● ●●● ●●●
●●● ● ●● ●● ● ●●●● ● ●● ●●● ● ● ●●● ●●●● ●● ● ●● ●●●● ● ● ● ● ●●● ●● ● ● ●●● ●● ●●● ●● ●●● ●● ●● ●● ●● ●

● ●● ● ●● ●● ●● ● ●●●● ●●●● ● ●●● ●● ●● ● ●●● ●● ●● ●●● ●● ● ●● ● ●●●

8485130
201671
95788

1185
542

582
554

1324
124

1
387

52
210

21
164

135

−
2.

5

0.
0

2.
5

5.
0

7.
5

00
3

01
2

10
2 02
1D

02
1U

02
1C

11
1D

11
1U

03
0T

03
0C
20

1 12
0D

12
0U

12
0C
21

0
30

0

p 
=

 0
.0

22

Freq. (z−scored, centered)

C
1 

tr
ia

d.

● ●● ●● ●●● ● ●●● ● ●●●● ●●● ●● ●●● ● ● ●● ●●● ●●

●●● ●●● ●●● ●●●● ●●●● ●● ●●●● ● ●

●● ● ●● ● ●●● ●● ● ●● ●● ● ●● ●●● ● ●● ●● ●●● ●● ● ●● ●●●
● ●● ● ●●● ●● ● ●●● ●● ● ● ● ●●● ●●● ●● ●

●● ●●●●● ●●●● ● ●●● ●●● ●● ● ● ●●●● ●●
●● ●● ● ●●●● ● ●● ● ●● ● ●● ● ●●● ●

● ●●● ● ●●●● ● ●●● ●● ●● ●●●●●● ● ●● ●● ●
● ● ●●● ●● ●●●●● ● ●● ●● ●●● ●● ● ●● ● ●● ●● ●●●●

●●● ● ●● ● ●●● ● ●●● ● ● ●●● ●●●● ● ●●● ● ● ●● ● ●● ●●
●●●●●●●●●●●●●●● ●●●●●● ●●● ●●●●●●●● ● ●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●● ●●●● ●●●●●● ●●●●●● ●●●●● ●●●●● ●●●●●

● ●●● ● ● ●● ●●● ●● ●● ● ●● ● ● ●● ●● ●● ●● ● ● ●●● ●● ●●● ●●

●● ●● ● ●● ●●● ●● ● ●●● ●● ●● ●● ●● ●● ●● ● ●● ● ●●● ● ● ● ●●●● ●●●● ●●● ●●
● ●● ● ● ●●● ●●●●● ● ●●● ● ● ●● ●● ●●● ●● ● ● ● ● ●

●●● ●● ●●● ●● ● ●●● ●● ●●● ● ●● ●● ● ●● ●●●● ●●●● ●●●●● ● ●● ● ●● ● ●●●● ●●

●● ●● ● ●● ● ●●● ● ●● ● ● ●●● ● ●● ●●● ●●● ●●●●●● ● ●● ●●

● ●● ●●● ●● ● ●●● ● ●●●●● ●● ●●●● ● ● ● ●● ●● ● ●

141086124
1515007
481189

3973
1280

1500
896

2820
439

1
539

139
775

40
315

223

0510

00
3

01
2

10
2 02
1D

02
1U

02
1C

11
1D

11
1U

03
0T

03
0C
20

1 12
0D

12
0U

12
0C
21

0
30

0

p 
=

 0

Freq. (z−scored, centered)

C
2 

tr
ia

d.

F
rie

nd
sh

ip
 g

oo
dn

es
s 

of
 fi

t



226 appendix for chapter 2

●● ●●● ●●●● ●●● ●●●● ●●●●●●●●●●●● ●●● ●●●● ●●●●● ●● ●●●●●●● ●●●● ●● ● ●●●● ●●● ●●● ● ●●●●●●● ● ●●● ●●●●●●● ● ●●● ●● ●●● ●●● ●● ● ●●●● ●●●●●● ●● ●● ●●●● ●●●● ●●
● ●●●●●● ● ●●● ●● ●● ●●● ●●●● ●●●● ●● ●●●● ● ●● ●●● ● ●●● ●● ●●● ●●● ● ●●● ●●● ● ●●●●● ●●● ● ●● ●●● ●●●● ●●● ● ●●

●● ● ●●● ●●●● ●● ●● ●● ● ● ● ●●● ●● ●● ●●● ●● ●● ● ●● ●● ●● ●●●● ●

● ● ●● ●●●●● ● ●●● ● ●●● ●● ● ●● ● ● ●●● ● ●●● ●● ●●● ●● ● ●

● ●● ●●● ● ●● ● ●● ●●●●●● ●● ● ●● ●●● ● ●● ● ●● ● ●● ●● ●●●● ● ●
● ●●● ● ●● ●●● ●●● ●● ●● ● ●●● ●● ●●

● ●●● ●● ●● ●●●● ●●● ● ● ● ● ●● ●●● ● ●● ●●● ●● ●● ●● ●● ●●● ●●●

●●● ● ●● ●● ●● ●● ●●● ●● ●●● ●●● ●● ●● ●● ●●● ●● ● ●● ●● ● ●●● ●●● ●●

●● ●● ●●●● ●●● ●● ● ●● ●● ●●● ●● ●● ●● ●● ●●● ●●

●● ●●● ●● ●● ●●●● ●●●● ●● ● ●●●● ● ●● ●● ●●●● ●●●●● ●● ●●● ●● ●● ● ●●● ●●●● ●● ● ●● ● ●● ●

●●●● ●●● ●● ●●● ●● ● ●●● ● ● ●●●● ● ● ●● ●● ●●●● ●●● ●● ●● ●●● ● ●●●● ●

●● ●● ●● ● ●● ● ●●●●●● ●●● ●● ● ●●● ●●● ●●● ●●●●● ● ● ●● ●● ● ● ●● ●●● ●●●● ●● ●
● ●●● ●●●●● ● ● ●● ●● ●●● ● ●●

●●● ● ●●●● ●● ●●●●● ●● ●● ●● ●● ●●● ● ●●● ●● ● ●●● ●● ●●●● ● ● ●● ●● ● ●●● ● ●●● ● ●● ●●● ● ● ●● ●●● ●●● ● ●●●● ●●
● ●● ●●● ●● ●●● ● ●● ●●●●●● ●●● ●● ●● ●●●● ●● ● ●● ● ●● ●● ●● ●●● ●● ●● ●● ● ●● ● ● ●● ●●●● ●● ●●●●● ●● ●● ●● ●●● ●●●● ●●● ● ●●● ●● ●● ● ●●● ●● ●● ●●●●●●● ●●● ● ●●● ●● ●●● ●●● ● ●● ●● ●● ●●● ● ●●●● ●●● ●●● ●●● ● ●●●● ● ●● ●●●● ●●●●●● ●●● ●●●● ● ●●● ● ●●● ●

●●● ●● ●● ●●●● ●●● ●●●●●●● ●●●●● ●●●●●

● ●● ●● ●●● ●● ●●● ●●● ●●● ●● ●●● ●●● ●● ●●● ●● ●●● ●●● ●●● ●●● ●●● ●●●●● ●●●●●●●●● ●●● ●●● ● ●●●●●● ●●● ●●●● ●● ●●● ●● ●●● ●●●●● ●● ●●●●●●●● ●●●●●●● ●●●●● ●● ● ●● ●●● ●●●●●●●●● ●●●●●● ●●●● ●●●● ●● ●●● ● ●●●● ●●●●●● ●● ●●●● ●● ●●●● ●●●●● ●●●●●● ●●●●●●● ●●● ●●●●●● ●●●●● ●● ●●● ●●● ●●●●●●● ●●●●●●● ●● ●●● ●● ●●●●● ●●●●●● ● ●● ●●●●●●●● ●●●●●● ●●● ●●●●●●●●● ●● ●●●● ●●●● ●●●● ●●●●●●● ●●●●●● ●●●● ●● ●●● ●●●● ●● ●●●●● ● ●● ●●● ●●●●● ●●● ●●●●● ●●● ●●●●●● ●●●●●●●● ●●●● ●●● ●●●●● ●●●●● ●●● ●● ●●●●●●● ●● ●●● ●● ●●● ●● ●● ●● ●●● ● ●●● ●● ●●● ●● ●●●●●●●●●● ●●● ●● ●●● ●●●

●●●●●●●●●●●●● ●● ●●●● ●●●●●●●●●●● ●●● ●●●●●●●● ●●●● ●●●● ●● ●●● ●● ●●●●●●●●●●●●● ●●●● ●●●●●● ●●●● ●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●● ●●●●●●●●●● ●● ●●●●●●●● ●● ●●●●●●●●●●●●● ●●●●●●●●●●●

●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●● ●●●●●●● ●●●●● ●●●●● ●●●● ●● ●●●●● ●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●● ●●●●●● ●●●●●●●●●●●●● ●●●●●●● ●●●●● ●●●●●●●●●●●● ●●●● ●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●● ●● ●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●● ●● ●●● ●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●●●● ●●●●● ●● ●●●●●● ●● ●●●●●● ●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●● ●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●● ●●●●●●● ●●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●● ●●●● ●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●● ●●●● ●●●●●●●●●●● ●●●●●●●●● ●●●●●● ●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●● ●●●● ●●●●●●●●● ●●●●●●●●●●●● ●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●

439

452

478

503

536

564

595

637

674

698

723

742

754

769

779

781

781

782

782

783

783

783

−
20

−
15

−
10−
505

0

1

2

3

4

5

6

7

8

9
10
11
12
13
14
15
16
17
18
19
20
21
22

p 
=

 0
.1

67

Freq. (z−scored, centered)

C
1,

 p
os

iti
ve

● ● ● ●●●● ●● ●● ●●●● ●●● ●●● ●● ●●●
● ●● ● ● ●●● ●●●● ●●● ● ●●● ● ●●● ● ●●● ● ●●● ●● ●●● ●● ●

● ● ●●●● ●●● ● ●●●● ● ● ●● ● ●●●● ●●●● ●●● ● ●●●●●
● ● ●● ●●● ●● ● ●● ●● ● ●● ●●● ● ●●● ●●● ●

●● ●● ●●● ●●● ●● ●● ●●● ●● ●● ●● ●●● ●● ●
●● ●● ●● ●● ●●● ●● ●●●● ● ●●● ●● ● ● ●●●

● ● ●●● ●● ● ● ●●●● ● ●● ●● ●●● ●●● ● ● ●●●●● ● ●

●● ●●● ●●● ● ●●●● ●●● ●● ●● ●● ● ●
●● ● ●● ●● ●● ● ●●● ●●● ●● ●●●● ●● ●● ● ●●● ● ●● ●● ●● ●●

●● ●●● ● ● ●● ●● ●● ●● ●● ●● ●●

● ● ● ●● ●●●● ●●●●● ● ● ●● ●●●●● ●● ●● ●● ●●● ●●● ●●● ●
●● ●● ● ● ●●●● ●●●●● ● ●●● ●● ●

● ●●●●● ●● ●● ●●● ● ●●●● ●●●●

●●● ●●●●●● ● ●●●●● ●● ●●●● ●● ●● ●● ●● ●●● ●● ●● ● ● ●● ●●● ●● ●●● ● ●●● ● ●● ●● ● ●● ●●

● ● ●● ●●●● ●● ●● ●●●● ●● ●● ●●●●● ●●● ●● ●● ●● ●● ●● ●●●● ● ●● ● ●●● ● ●●● ● ●● ●●● ●● ●●● ● ●● ● ●●●●● ●● ●●●● ● ●●● ●●● ● ● ●● ●●●● ●●● ● ●●● ●●● ●● ●● ●●●● ●● ● ●● ● ●● ● ●●●● ● ●● ●● ● ●●●● ●●●●●●● ●●●● ● ●● ●● ● ●●●●●● ● ●● ● ●●●● ●● ●
●●●● ●● ●●●● ●● ●● ●●●●●● ●●● ●●●● ●● ●●●●● ●●●●● ●●● ●●● ●●● ●● ●●●●●●● ●●●● ●● ●●●● ●●● ●● ●●● ●●● ●● ● ●●● ●●● ●● ●●●●● ●●●● ●●● ●● ●●● ● ●●● ●● ●● ●●● ●● ●●● ●● ●● ●●●●●● ●● ●● ●●●

●●● ●●● ●●●● ●●● ●● ●●● ●● ●● ●●●●● ●● ●●●●● ●●● ●●● ●●●●●●●● ●●●●●●●●● ●●●● ●●●●●●● ●●●●● ●●● ●●●●●●●●● ●●●●● ●● ●●● ●●●
●●●●● ●●●●●● ● ●● ●●●●●●●●●●●●●●●●●● ●●●●●●● ●●● ● ●●●●● ●●●●● ●●●●●●●●●●●●● ●●● ●●●●● ●●●●● ●●●● ●●●●● ●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●● ●●●●● ●●●●●●● ●● ●● ●●●●● ●● ●●●●● ●●● ●●● ●●●●●●●●●●●●●● ●●●●●●●●● ●●● ●●●●● ●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●● ●● ●●●●●●● ●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●● ●●● ●● ●●●●●●●

●●● ●●●●● ●●●● ●● ●● ●● ●●●●●●● ●●●●● ●●●● ●●●● ●●●●●●●●● ●●●●●●●● ●●●● ●●●●●●● ●● ●●●● ●● ●●● ●●●●● ●●● ● ●●● ●●● ●●●●●●●●●●●●● ●●●●● ●●●● ●●●●● ●●●●●●●●●● ●●● ●● ●●● ● ●● ●● ●●● ●●● ●● ●●●● ● ●●●● ●● ●● ●●●●● ●●●● ●●●●● ● ●● ●●●● ●●●●●●●● ●●● ●●● ●● ●●● ●●● ●●● ●●●●●●●●●● ●●●● ●●● ●● ●●●●● ●●●●●●●●●●●● ●●●● ●● ●●●●● ●●● ●●●●● ●●● ●●●●●●●●●●●● ●●●● ● ●●● ● ●●● ●● ●●● ●● ● ●●● ●● ●●●● ●● ●●●● ●●● ●● ●● ●●● ●●●● ●● ●●●● ●●●● ●●●● ●●●● ●●● ●●●●●● ●●● ●●●● ●●●●●● ●●●●● ●●●●●●● ●●● ●● ●● ●●●●●●●●●●● ●●●●●●● ●●● ●●●● ●● ●●●●●● ●●● ●●●●●● ●●●●●● ●●●● ●● ●●●●●● ●● ●● ●●●● ●● ●●●● ●●● ●●●● ●●●● ●●● ●●●●●●● ●●●● ●●●● ●● ●● ●●● ●●●● ●●● ●●●● ●●●● ●●● ●● ●●● ●●●● ● ●● ●●●●● ●●● ●● ●● ●●●●● ●●● ●● ●●● ●● ●● ●●●●● ●●● ●●●●●●● ●● ●●● ●●●●● ●●●●● ●●●●●●●●●● ●●●●● ●● ●●● ●●● ●●●●● ●●●●● ●●● ●● ●●● ●● ●●●●●● ●●●● ●●●● ●● ●●●● ●●●●●●● ●●●● ●● ●●●●● ●●●●●● ●●● ●●●●●● ●●●●● ●●●●●●●● ●●●● ●●● ●●●●●●●● ●●●●●● ●● ●●●●●●●●●● ●●●●●●●● ●●●●●● ●●●● ●● ●●● ● ●●●●● ● ●●●● ●●●●● ●●● ●●●●● ●●●●● ●●●● ●●●●● ●● ● ●● ●●● ●● ●●●●●●● ●● ●●●● ●●●● ●●●● ●●●●●●● ● ●●● ●● ●● ●● ●●●●● ●● ●●●●●●● ●● ●●●●●●●● ●● ●●● ●●●● ●●●●● ●●● ●●●● ● ●● ●●●● ●●● ●● ●● ●●●● ●●● ●●● ●●●● ●●●●● ●●●●●● ●● ●●●●●●● ●●●●●●● ●●● ●●●● ●●● ●●● ●●●●● ●● ●● ●●● ●●● ●●● ● ●● ●● ●●● ●● ●●● ●●●●●●●● ●●●●●●● ●● ●● ●● ●●● ●●● ●● ●●● ●●● ● ●●● ●●●●● ●●● ●●●●● ●●● ●●●●●● ●●● ●●●●● ●●●●●●●●●●●●● ●●●●● ●●●● ●●● ●●●● ●● ●●● ● ●●●●● ●●●●● ●● ●● ●●●● ●●●●● ●●●● ●●●● ●●●●● ●●● ●●●●●● ●●● ●●●●● ●● ●●●● ●●●●●● ●● ●● ●● ●● ●●●● ●●● ●● ●●●● ●● ●●●● ●● ●●● ●●● ●●●●●●●●● ●●●●● ●●● ●● ●●●●●●●●● ●●● ●● ●●●●●●● ●●● ●●●● ●●● ●●●● ●●●●● ●●●● ●●●●● ● ●●●● ●● ●●●● ●● ●● ●●●●●● ●● ●● ●● ●● ●● ●● ●●● ●● ●● ●●●● ●●●●● ●●●● ●●●●●● ● ●●● ●● ●● ●● ●●● ●●●●●● ●●●●●●●●● ●● ●●●●● ●●●● ●● ●●● ●●● ●●●● ●● ●●●●●● ●● ●●● ●●●●●● ●●● ●● ●●●●●●● ●●●●●●●● ●●●●●● ●●●●● ●● ●●●●● ●● ●● ●●●● ●● ●● ●●●● ●● ●●● ●●●●●●● ●●● ●●● ●●● ●●● ●●●●●●●●●●●● ●●● ●●●●● ●●● ●● ●● ●● ●●●● ●●●●● ●●●● ●●● ●●●● ●●● ●● ●●●●●● ●●●●●●● ●● ●● ●●●●●● ●●● ●● ●●●●●● ●●●●●● ●●●●●●● ●●● ●●●●● ●●● ●●● ●●●●●● ●● ●●● ●●● ●●● ●● ●●●●●●●●●●● ●●●●● ●●● ●● ●●● ●● ●●● ●●● ●●●●● ●● ●●● ●●● ●● ●●● ● ●●●● ●●● ●●●●● ●●●● ●●●● ●●●●● ●●●●● ●●●● ●●● ●● ●●● ●●● ●● ●●●●●● ●● ●●●● ●● ●● ●● ●●●●● ●●● ●●●●●●● ●●●●● ●●●●● ●●● ●●● ●●●●● ●● ●● ●● ●● ●●●●●●●● ●●● ●●●● ●●●● ●● ●●●● ●●● ●●●● ●● ●●●● ●● ●●●●● ●●● ●● ●●● ●●●● ●●●● ●● ●● ●●●●● ●● ●●●● ●● ● ●●●● ●●● ●● ● ●● ●●● ●●● ●●●● ●●● ●●●● ●●●●●● ●●●●● ●●● ●●●● ●●●●●● ●●●●● ●●● ●● ●● ●● ●●●● ●●● ●● ●●●●●●●●●●● ●●●● ●●●●● ●● ●●● ●●● ●●● ●● ●●●● ●● ●●●●● ●● ●●●●● ●● ●●●●● ●●●● ●●● ●● ●● ●●●● ●●●●●●●● ●● ●●●●● ●● ●● ●●● ●● ●●● ●●●●●●●● ●●● ●●● ●●●●● ●●●● ●● ●●●● ●●● ●●●●●●●● ●●● ●●●●● ●● ●● ●● ●●● ●●●●● ●●●●●●●●●●●●● ●● ●●●●●●●●● ●●●● ●●●● ●● ●● ●●● ●●●● ● ●●●● ●● ●●● ●● ●● ●●●●●●● ●● ●●●●● ●●●●●●●●● ●●●●●●●● ●●● ● ●●●●●● ●● ●●● ●●●● ● ●● ●●●● ●●● ●●● ●● ●●●● ●●● ●●● ●●●●●●●●●●●●● ●●●● ●● ●●●●● ●●●● ●●●● ●● ●●● ●●●●● ●● ●●● ●●● ●●●●●●●●● ●● ● ●● ●● ●● ●●● ●●●●● ●● ●● ●●●●● ●●

●●●●●●●●

●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

1251

1280

1321

1379

1450

1539

1641

1718

1796

1868

1915

1943

1956

1967

1972

1975

1978

1978

1980

1980

1980

1980

−
50510

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

p 
=

 0

Freq. (z−scored, centered)

C
2,

 p
os

iti
ve

● ●● ●● ●●●●●●●● ●● ●●●● ●●● ●● ●●● ●●●● ● ●● ●●●● ●●●● ●● ●●●● ●●● ● ●●● ● ●●●● ●●● ● ●●● ●●● ● ●●
● ●● ●● ●●●● ● ●●● ● ●● ●●●● ● ● ●●● ●●● ●● ● ●●● ●●●●

●●●● ●●● ● ● ●●●● ●●● ●●● ●●● ● ●● ●●● ●●●●

●● ●●●●● ● ● ●●● ●●●● ●● ●●● ●●● ● ●● ●● ●●● ●● ● ●●● ●
●●● ●●● ●●●●● ● ●● ● ●● ● ●● ● ●

● ● ●●●● ● ●● ●● ●● ● ●●● ● ● ●● ● ●● ●●● ●● ●●● ●●● ●● ●●● ●● ●● ●●● ● ●●●●● ●●● ●●● ●
●● ●●● ● ●● ●● ●● ●●● ●●● ● ●●● ●● ●●● ● ●● ●● ●● ●● ●● ●● ●●● ●● ● ●● ●● ●● ● ●●

●●●●● ● ●●● ●●●● ● ●●● ●●●●●● ●● ●●● ●●●● ●● ● ●●● ●● ●● ●● ●● ●● ●● ● ●● ●●●● ●●
● ●● ● ●●● ●● ● ●● ●● ●● ●●● ●●●● ●●● ●● ●● ●●●● ●

●●● ●●● ●●●●● ●●● ●● ●●● ●● ●● ●●● ●● ● ●●●● ●●●● ●● ●●● ●
●● ●●●●●● ●●●●●● ●●● ●●● ● ●●● ● ●● ●● ●●●● ●●● ●●● ●●● ●● ●●● ● ●●● ●● ● ●●●● ●●● ●●● ●●● ● ●● ●● ●●● ●● ●●● ● ●●●● ●●●● ●● ●●●●● ●●●● ●●●● ●● ●●●● ●●● ● ●● ●● ● ● ●● ●●● ●●●●● ●●●

●●●● ●● ●● ●●●● ●●●● ●●●●●● ●●●●● ●●● ●●●●● ●●●● ●●● ●●●●● ●●●●●●●●●● ●● ● ●●●●●●●● ●● ●● ●● ●● ●● ●●● ●●● ●● ●●● ● ●●●●● ●● ●●● ●● ●● ●●●●● ●●● ●●● ● ●●●● ●●●●● ●●

●●● ●●●●● ●●●●●●● ●● ●● ●●● ●●● ●● ●●● ●●●●●●●●●●●●●●●●●●● ●● ●●● ●●●●● ●●

●●●●●●●●

●●●●● ●●● ●●●●●●●●●●●● ●●●●●●●●● ●●●● ●●●●●●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●● ●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●

●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●

459

497

541

580

611

647

689

722

752

768

778

780

781

781

781

783

783

783

783

783

783

−
20

−
100

0

1

2

3

4

5

6

7

8

9
10
11
12
13
14
15
16
17
18
19
20
21
22

p 
=

 0
.1

16

Freq. (z−scored, centered)

C
1,

 n
eg

at
iv

e

● ●● ●●●● ● ●● ●●●●● ●● ●● ●● ● ●● ● ●●

● ●●●● ● ●●●● ●● ● ●● ●● ●●● ● ● ●● ● ●● ●● ● ●●●●● ● ●●●● ●●● ● ●●● ● ●● ●●● ● ●●●● ●●
● ●●● ●●● ●● ●● ●●● ●● ● ● ●● ●●● ●

●● ●●● ●● ●●● ●● ●●● ●● ●●●●● ●● ●●●●● ●●●● ●● ●● ● ●●●
●●● ● ●● ● ● ●● ●●●● ●●● ●● ● ●● ●●●

●● ●● ● ●●● ● ● ●● ●● ●●● ●●●● ● ●● ●● ●● ●●
●● ●● ● ●●● ● ● ●● ●●●● ● ●●● ● ● ●●● ●● ● ● ● ●● ●

●●●● ●●● ●● ●●● ●● ● ●● ●● ●●● ●● ●● ● ●●● ● ●●● ●● ●● ●● ●● ●● ●
●● ●●●● ● ●● ●●●● ● ●● ● ●● ● ● ●● ● ●●●●● ● ●● ● ●●

● ●●● ●● ●● ●● ●● ●● ●● ● ●●● ●● ●●● ● ● ● ●●●● ●● ●● ●● ●● ● ●● ● ●●●●● ● ● ●● ● ●●● ● ●● ●● ●● ●● ●●

●● ●● ●● ●●● ●● ●●● ●●● ●● ● ●●● ● ●● ●●● ●●● ●●●● ●●●

●●●● ● ● ●●● ●● ●●●●●● ● ●●●● ●● ●● ●● ● ●●● ● ●●●●● ● ●●●●● ●● ●●● ●● ●● ●●●●● ● ● ●●● ● ●● ●● ●●● ●● ● ●●●● ● ●●● ●● ●●
● ● ●● ●● ●●●● ●●●●● ● ●●● ●●● ●● ●● ●●●● ●● ●●●● ●●● ● ●● ● ●● ●●● ● ●●● ●● ●● ●●●● ●●●●●●●●● ●●● ●●●● ● ●●●●● ●● ●

●●● ●●● ● ●● ●●● ●●● ●●●● ● ●●● ●● ●●● ● ●●●● ●● ●● ●●●●●● ● ●● ●●●●●● ●●●●● ●●● ●●● ●●● ● ●●●●● ● ●●● ●●● ● ●●●●●● ●●● ●●● ●●●

●●● ●●● ●●●● ●●● ●● ●●●●●●
●●●●●● ●●●●●●● ●●●●●●●●

●●●●●●

●●● ●●●●● ●●●●●●●● ●●●●●●●● ●●●● ●● ●●● ●● ●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●● ● ●●●●●●●●●● ●●●●●●●● ●●●●●●●●● ●●●●●●●●●● ●● ●●● ● ●●●● ●● ●●●●● ●●● ●●●●●●●●●●●●● ●● ●● ●● ●● ●●●●●●●● ●● ●●●●●●● ●●●●●●●●● ●●●● ●●●●●●●●● ●●●●●●●●●●●●● ●●●●● ●●●●●●●

●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●
1281

1347

1448

1531

1629

1715

1785

1837

1894

1920

1944

1958

1966

1969

1972

1975

1976

1976

1977

1978

1979

1979

−
5.

0

−
2.

5

0.
0

2.
5

5.
0

0

1

2

3

4

5

6

7

8

9
10
11
12
13
14
15
16
17
18
19
20
21
22

p 
=

 0
.0

01

Freq. (z−scored, centered)

C
2,

 n
eg

at
iv

e

A
tti

tu
de

s 
−

 o
ut

de
gr

ee



A.13 other goodness of fit statistics for main models 227

●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●● ●●● ●●●●●●●●●●● ●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●● ●●●●●● ●●●●●●●● ●●●●●●●●●●●● ●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●● ●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●● ●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●

●●●●●●● ●●●●●● ●●●●●●●●●●●●
●●●●●●●●●●●● ●● ●●●●●●●●●●●● ●●●● ●●●● ●●●●●● ●● ●●●●●●●●● ●●●●●●● ●●●●●●●● ●● ●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●● ●●●●●●●●●●●●●● ●●●●●●●● ●●●●●● ●●●●●● ●● ●●●●●● ●● ●●●●● ●●●●●●● ●●●● ●●● ●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●

●● ●●●●● ●●● ●●●●●●● ●●●●●●●●●●●● ●●●● ●●●●● ●● ●● ●●●●●●●● ●●●●● ●●● ●●●●● ●●●● ●●●● ●●● ●●●● ●●●● ●●● ●●●● ●● ●●●●● ●● ●● ●●●●●● ●●●●●● ●●● ●●●● ●●●●●●●●●● ●●● ●●●● ●●●● ●● ●●● ●●●●●●●●●●●●●●● ●● ●●● ●● ●●●●●●● ●●●●●●●●●●●● ●●●●●● ●●● ●●●●● ●●●● ●●●● ●●●●● ●● ●● ●● ●●●● ●●● ●●●●●● ●●●● ●●●● ●● ●●● ●●●●●●● ●● ●●● ●● ●● ● ●●●●●●● ●●●● ●●●●●●●●●●●● ●●●●●●●●●
●●●● ●●●●●●●●

●● ●●●● ●● ●●●●●●●● ●●●●●●●●●● ●●●● ●● ●● ● ●●●●●●●●●●●●●● ●● ●●● ●●● ●●●● ●● ●●●●●●● ●●●● ●●●● ●● ●●●●●● ●● ●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●●● ●● ●●●●●●●●●●●●●●●●● ●● ●●●●●●●● ●●●●●●●● ●● ●●●●● ●●●●●●●●●●●●●●● ●●●●● ●●
● ●●●● ●●● ●●● ●● ●●● ●●● ●●●●● ●●● ● ●●● ●●● ●●● ●●●● ●●●●●● ●●●●● ●●●●●● ●●●●● ●● ●● ●● ●●● ●● ●●●● ●●●●● ●●● ●●● ●●● ●● ● ●● ● ●● ●●●● ●●●●●●●● ●● ●●● ●●●●●● ●● ●● ● ●● ●●● ●● ●● ●● ●●●●●● ●●●● ● ●●●● ●●● ●●●● ●●●●●●● ●●● ●● ●●●● ●●●● ●●● ●●●●● ●●● ●●● ●●● ●●● ●●●● ●●● ●●●● ● ●● ●●● ●●●●

●●●●●● ●●●● ●●●●●●● ●●●● ●●●● ●●●
● ●●●●● ●●●●● ●●● ● ●● ●●●● ●● ●● ●● ●●●●●●● ●●●●●●● ●●●●

●
●● ●●●● ●●● ● ●● ● ●●●● ● ●●●● ●● ●●● ●●●● ●●●● ●●●● ●● ●●● ● ●●●●●● ●●● ●●● ●● ●●● ●● ●● ● ●●● ● ●● ●● ●● ●● ●●●● ●●● ●●●● ●● ●●●● ●●●●● ●● ●● ●● ●●● ●●● ●●●● ●● ● ●● ●●●●● ●●● ●●● ●●●● ●● ●● ●● ●●●●● ●●● ●●●● ●● ●● ●● ● ●● ●●●● ●●●● ● ●●●● ●●●●●●● ●● ● ●●● ● ●●●● ●● ● ●●● ● ●●●●●● ●●●● ●● ●●●● ●● ●●●● ●●● ●●●● ●●● ●●●● ●● ● ●● ●●● ●● ●●● ●● ●● ●● ●●●● ●●●● ●●●● ●●● ● ●● ●●● ●●●●●●●● ●● ●●●● ●● ● ●●●●● ● ●●● ● ●●● ●●●● ● ●●● ●●●● ●●● ● ●● ●●●●● ●●●●● ●●● ●●●● ●●● ●● ●●● ●● ●●●●●● ●● ●●● ● ●● ●●● ●

●●● ●● ●●●●●● ●●●●
● ●●●●●●●●● ●●●●

●●●● ●●● ●● ●●● ●●● ●●● ●● ●●● ● ●●●●●●● ●●●●●● ● ●● ●● ●●● ●● ●● ●● ● ●●●●●●● ●●●●●●● ● ●●● ● ●● ●●● ●●●●● ●●●● ●●● ●●●● ●● ●●● ●●●● ● ●●● ●●●● ●● ●●●●●●●●● ●●●●●●●●●● ●●●●●● ●●●● ●● ● ●●●●●●●● ●●●●●●●●● ●●●●●●●●● ●● ●● ● ●●● ●●● ●● ●●●●● ●●●●● ●●● ●●●●● ●● ● ●●●
●●● ●●●●●● ●●●●●● ●●●●●●●● ●● ●●● ●●●● ●●●● ● ●●●●● ●●●

● ●● ●● ●●●● ●●● ● ●● ●●●●●● ●

● ●● ● ●●● ●● ●● ●●●

●●●●●●●●●●● ●●● ●●●●
●●●● ●●●● ●●● ●● ●● ●●●●● ●●● ● ●● ●● ●●● ●● ●● ●● ●●●●● ●● ●●●●● ●● ● ●● ●● ●●● ●●●● ●●●●● ●● ●●●● ●●●●●● ●●●●●● ●●● ●●●● ●●●● ● ●●●● ●● ● ●● ●● ●●●●●●●●●● ●●●●●● ●●●● ●● ●● ●●● ●●● ●●●●● ● ●●● ●● ● ●● ●●● ● ●● ●●●● ●●●● ●● ●●● ●●●●● ●●● ●● ●● ●● ●●● ●●● ●● ●●●● ●●●●●● ●●●● ●●● ●● ●●●●●●● ●● ●● ●● ●●● ●● ●● ●●● ●●●●●●●●● ●●●● ●●●●● ●● ●●●● ● ●●● ●●●● ●●● ●●●●● ●● ●● ●●●● ●● ●● ●●● ●● ●●●●● ● ●●●● ●●●● ●● ●● ●●● ● ●●●● ●● ●●●●● ●●●●●● ●● ●●●●● ●● ●●● ●●● ●●● ●●● ●●●● ●●● ●● ●● ●●●● ●●● ●● ●● ●●●● ●●● ●● ●●●●● ●●● ●●●● ●●● ●●●●● ●● ●●● ●●●●●●●● ●●● ●● ● ●●● ●●●● ●●● ● ●● ●● ●●●● ●●●● ●● ●● ● ●●●●● ●●●● ● ●●●●● ● ●●●● ● ●●● ●● ●●● ●● ●● ● ●●●●●●●● ●●●●●● ●●● ●●●●● ●● ●●●● ●● ●●● ●●●● ●●●●●● ●● ●●● ●● ●●● ●● ●● ●●●●●●● ●●● ●●●●●●● ●●● ● ●● ●● ●●●●● ●● ●●●●● ● ●● ●● ●●●● ●●● ●●● ●●● ●● ● ●●● ● ●● ●● ●●●● ●●●● ●● ●●●● ●●●● ●●● ● ●●●●●● ●● ●●●● ●●●● ●● ● ●●● ● ●●● ●● ●●● ●● ●● ●●● ●●●● ●● ●●● ●●●●● ● ●●●● ●● ●●●● ●● ●●● ●● ●●● ● ●●●● ● ●●● ● ● ●●● ●● ●● ●●● ●● ●●● ●●● ●● ●●● ●●●●● ●● ●● ●● ●●●● ●●●●●● ●● ●● ● ●● ●●● ●● ●●● ●●●●● ● ●●

● ●●●●●● ● ●●● ● ●● ●● ●● ●●● ●●●●●●●●●● ●●●●● ●●●●●● ●●● ●● ●● ●●●●●●●●● ●●● ●● ●●● ●●●●●●●●●

●●● ● ●● ●●●●● ●● ●●●●●●●●●● ●●● ●●● ●●●●● ●●●● ●●●● ●●●● ●●●● ●● ●●● ●

●●●● ●●●●●●●● ●●●● ●●● ●●●● ●●●●●●●●●●●●● ●●●●●●●● ●●●●● ●●● ●●●● ●●●●●●

●●●●● ●●●●● ●●● ●●●●●●●●●●● ●● ●●
●● ●●●●● ●●●● ●●●●● ●● ●●●●●●● ●● ●●●●●●

● ●● ●●●● ●●●●●●● ●●●● ●●●●●● ●●●●●● ●●●● ●●●●

●●●● ●●● ●● ●● ●● ●●●●●●● ●●●●●●● ●●●●● ●● ● ●● ●● ●
●●●●●

●● ●●

●● ●● ●●●
●● ●●●● ●● ●● ●● ●● ●● ● ●●●●● ●●●● ●● ●●● ● ●● ● ● ●●● ● ● ●●●●●●●●● ●● ●●●● ●● ●●●● ●●●●●● ●●● ●●

●● ●●●●● ●●●●● ●● ●●● ●● ●●●●● ●● ●● ●●● ●●● ● ●● ●● ● ●● ●●●●● ●●● ●● ●● ●●●●●● ●●●● ●●●●●●●

● ●●●●● ●●●●● ●● ●●● ●● ●● ●●● ●● ●●●● ●●●●●● ●●● ●● ●● ●●●●● ●●● ●●● ●● ●●●●● ● ●●●● ●●●●●●●● ●
●●●● ●

●●●● ●●● ● ●●●●●● ●●●●●●●● ●●●● ●●● ● ●● ●● ●● ●●●● ●● ●●●●● ●●●●●● ● ●●● ●●●

●● ●●● ●●● ●● ●● ●● ●●●●● ● ●●●●●● ● ●●● ●● ●●●● ●●●●● ●●● ●● ●●● ●● ●●●●●● ●● ●●
●●●●

●● ●●●●● ●● ●● ●●●●●● ●●●●● ●● ●● ● ●●●●●●●● ●●● ●● ● ●●● ● ●●●

●●● ● ●●●●●● ●● ●●● ●● ●●●● ●● ●●● ● ●●●●● ●● ●●●● ●●● ●●●●● ●●●● ●● ●●● ●●● ● ●● ●
●●●●●

● ●●● ●●●●● ●● ●● ●● ●●●●●● ● ●●●● ●●●● ●●●●●● ●●●●●● ●● ●● ●●● ●● ●●●
●●● ●●●●●● ●●● ●●●●●●●●● ● ●●●●●● ●●●●● ●●●● ●● ●●●●●● ●●● ●●●● ● ●●● ●●● ●●●

●●●● ●●
●●●●● ●●●●● ●●●●● ●● ●●●● ● ●● ●●●●● ● ●●●●●● ●● ● ●●● ● ●●●● ●●●●● ●●● ●●●●● ●● ●●●● ● ●● ●● ●● ●●●●● ●●●● ●● ●● ●●●

● ● ●●● ●● ●● ● ●●● ● ●● ●●●● ●●● ●●● ●●●● ●●● ●● ● ●● ●● ●●●●● ●●●● ●●●●●●● ●●● ●●●●●●●●● ●●● ●● ●● ●● ●● ● ●●●●●●● ●● ●●●●
●●● ●● ●●●●

●● ●●● ●●

●●●●●● ●●●●●● ●● ●●● ●● ●●●● ●●● ●●● ●●● ●● ● ●● ●●●●● ●● ●● ●●● ●●●● ●● ●●●● ●● ● ●●●●● ● ●●●● ●● ●● ●●●●● ●● ●●● ●● ●●●● ●● ●●●● ●●●● ●● ●●● ●●●● ●●
● ●● ●●●●●●●●● ●●●● ●●●●● ●● ●●●

●● ●● ● ●● ●● ●●●●●● ●● ●●●● ●●●

●●●● ●●● ● ●●● ●●●● ●● ●● ●● ●● ●
●●● ●● ●●● ●●●●● ●● ●●● ●● ● ●● ●●● ●●● ●● ●●●● ●● ●●

●●● ●● ● ●●●●
●●●●●● ●●● ●● ●●● ●● ● ●●●● ●● ●●● ●● ●●●● ●●● ●●● ●● ●●●●● ●● ●●● ●● ●●●● ●● ● ●● ●● ● ●

● ●● ●● ●● ● ●● ● ●● ●● ●●● ●● ●●●● ● ●● ●●● ●●● ● ●● ●●● ●●● ●●●● ●● ●● ●●● ●● ●●● ●● ●●● ●● ●

●●● ●●● ●●●●● ●●●●● ●●● ●●●● ●● ●●●● ●●● ●●●● ●●● ●●●●●● ●●● ● ●●● ●● ●● ●●● ●● ● ●●● ● ●●●●● ●● ● ●

●●●● ●● ●● ●● ●● ●●●● ●●● ●●●●● ●● ● ●● ●● ● ●● ●● ●●●● ●●●●● ●●● ●●● ●● ●● ●●●● ●●● ●● ●●● ● ● ●●●●●● ●●

● ●●●● ●● ● ●● ●● ●●● ●●●●● ●●●● ●●● ●●● ●● ●●● ●● ●● ● ●●● ●● ●● ●●●●●● ●●● ●● ● ●●● ●●● ● ●● ●●● ●● ●●

● ●●●●●● ●●● ●● ●●● ●● ●● ●● ●●●● ●●● ●●● ●●●●●● ●●●● ●●● ●● ●●● ● ●●●●●● ● ●● ●●● ● ●●●●● ● ●●●● ●●●● ●● ●●
● ●●● ●●●●●● ●●● ●● ●●●●●● ● ●● ●●●● ●●● ●●● ●● ●●● ●● ●●● ● ●●● ●●●● ●●● ●● ●● ●●●●● ●●●●●● ●●●● ● ●●● ●● ● ●●

●
●

●●
● ●●● ●●● ●● ●● ●●●●● ●●● ●●●●● ●● ● ●● ●●● ●●● ●● ●●● ●●● ●●●● ● ●● ●

●● ●●● ●● ● ●●●●● ●●●● ●●●● ●●●●● ●●●● ●●● ●● ●●●●
● ●●●● ●● ●● ●●●● ● ●●●●●●● ●●●●●●●●●●●● ● ●●●●●● ●● ●● ●●

●●●●●●●● ●●● ●●●●●
●●●●●●●●●● ●● ●● ●●●●● ●

●● ●● ●● ●●●●● ●●● ●●● ●●●●●●●●●●●● ●●●● ●●● ●●●●●●●●●●●●●●●● ●●●● ●● ●● ●●●●●●●● ●●●●● ●● ●●●●● ● ●●●●● ●●●●●● ●●●●●●●● ● ●●●●●● ● ●●● ●● ●●●●●● ●● ●●●● ● ●●● ●●● ●● ●●●●● ● ●●●●●●●●● ●● ●● ●● ●● ●●● ●●●●●●●●●● ●●●●●●● ●● ●●●●● ●●● ●● ●●●● ●● ●● ●●●●●● ●●●● ● ●● ●●●● ●●●● ●● ●●●● ●● ●●●●●●●●● ● ● ●●● ●●●●● ●●●●●● ●● ●● ●●● ●●●●● ●● ●● ●
●●●●●●●●

●●●●●●●●●● ●●●●●● ●●●●●● ●● ●●● ●●●● ●● ●●● ●●●●●●●● ●● ●●● ●●●●● ●●●●●●●
●●●●

●●●● ●●●● ●●●●●●●●●●●●●●●●● ●●●●●●● ●●●● ●●● ●●●●● ●
●●●● ●●●●●●●●● ●●●●●●● ●●● ●

● ●●●● ●●●● ●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●
●● ●●●●● ●●●●●●●●●●●

●●●●● ●●● ●●● ●●●●●●●● ●●●●● ●●●●● ●● ●●●● ●●●● ●●● ●●● ●●●●●●●●●●●●● ●●●●●●●● ●●●● ●●●●●●●●●●● ●●●●●● ●●●●● ●●● ● ●●●● ● ●●●●●● ●● ●●● ●●●●●●●● ●● ●●●●●●● ● ●● ●●●● ●●●●● ●● ●●●● ●●●●●●●●● ●●●●●●●●● ●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●● ●● ● ●●● ●●●● ●● ●●● ●●●● ●●●●● ●● ● ●●●●●●●●●● ●●●●● ●● ●● ●●● ●●● ●●●● ●●●● ●●●● ●●● ●●● ●●●● ●●● ●●●●●● ●●●●●● ●●●●●●●●●●●●●●●● ●● ●● ●●●●●● ● ●●● ●●●●●●● ●● ●● ●● ●●●●●●●●●● ●●●● ●●●● ●● ●●● ●● ●●●● ●●● ●● ●● ●● ●●● ●●● ●●●●●●●●●●●●● ●●● ●● ●●● ●●●● ●● ●●● ●●●●●●●● ●●●●●●●●●●●●● ●● ●● ● ●●●●●●● ●●●●●● ●●●●● ●●● ●●●●● ●● ●●●● ●● ●●
●●●●●● ●●● ●●● ●●●●● ●●●●●●●●●● ●●● ●●●● ●●●●●● ●●●●● ●●●●●●●●●●●●● ●●●● ●● ●●●● ●●●●● ●●● ●●●●●●● ●●●●● ●●●●●●● ●● ●●●● ●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●● ● ●● ●● ●● ●●● ●● ●●●●●●●●●●●●● ●●● ●● ●●●●●● ●●● ●●● ●●●●●●●● ●●● ●●● ●●●●●●●●●● ●●●● ● ●●● ●●●●● ●●● ●● ●●●●● ●● ●●●● ●●● ●● ●●● ●●●● ●● ●● ● ●●●●●●●●●●● ●● ●●●●●●●●●● ●●●●●●●● ●● ●●●●●●● ●●● ●●●●● ●●●●● ●●

●●●●●●● ●●● ●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●● ●● ●●● ●●● ●●●● ●● ●●●●●●●●●●●●●●●● ●●● ●●●●● ●●●●●●●●● ●●● ●●●●●●● ●●● ●●●●●● ●●●● ●●●●●●●● ●●● ●● ●●●●●●●● ●●● ●●● ●●● ●●●● ●● ●●●●●● ●●●●●●●●● ●●●●●● ●●● ● ●● ●● ●
●●●●●●●●●●● ●●●● ●●●●●●●●●●● ●●● ●●●● ●●●●●● ●●●●●●● ●●●● ●●●●●●●● ●●●● ●● ●●●●●●●● ●● ●●●●●● ●●● ●●● ●●●●● ●●●●●●● ●●●●●● ● ●●●●

●●●●●●● ●●●●●●●●● ●●●● ●●●●●● ●●● ●●●●● ●●●●● ●●●●●● ●● ●●●● ●●●●●●● ●●●●
●●●●●● ●●●●●●●●●● ●● ●●●●●●●●● ●● ●●●●● ●● ●●●●●●●● ● ●● ●●●● ●●●●●● ●● ●●●● ●●●●● ●●●● ●● ●●● ●● ●●●●●●●● ●●●●●●● ●● ●●● ●●●●●● ●● ●●●●●●●● ●●●●●●●●●●●●● ●● ●● ●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●● ●●●● ● ●●●● ●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●● ●●●●●● ●●● ●● ●●●●● ●● ●● ●●●●●● ●●●●●● ●●●●●●● ●●●● ●●●● ●●●●●●● ●●● ●●●●● ●●●●●●●●●●●● ●●●●●●● ●●●● ●●● ●●●●●●●●●● ●●●●●●●●●● ●● ●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●● ●● ●●●●●● ●●●●●●●●●●●● ●●●●●●●● ●●● ●●● ●●●● ●●● ●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●● ●●● ●● ●●●●● ●● ●●●● ●●●●● ●●●● ●● ●● ●●●● ●● ●●●●●●●● ●●●●● ●● ● ●● ●● ●● ●●● ●●●●●●●●● ●●●●●●●●● ●●●●● ●● ●● ●● ●●●●●●●●● ●●●● ●●●● ●● ●●●●●●●●●●●●● ● ●●●● ●● ●●●● ●●●●●●●●●●●●●● ●●● ●● ●● ●●● ●●●●●● ●●●●●● ●●●●● ●● ●●●●●●●●●●● ●●● ●●●●●●●● ●●●●●●● ●●●●●●●●●●● ●●●●●● ●●●● ●●●●● ●●●●●● ●●●● ●●●●● ●● ●● ●●●●●● ●●●● ●●●● ●●●●●●●●●●●●●●●●●● ●●● ●●●●● ●●● ●●●●● ●●●●● ●●●●●● ●● ●● ●●●●●●●●●●●●●● ●●●●●● ●● ●●●●● ●●●● ●●●●●● ●●●●●●●● ●●●● ●●●●●● ●●●●●● ●●● ●●● ●● ●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●● ●●●●●●●●● ●● ●●●●●● ●●● ●

●●●●●●●●●●●●●● ●●●●●●●● ●●●●●● ●●●●● ●● ●●● ●●● ●● ●●●● ●●●●● ●●●●● ●●●● ●●●●●●●●●●●●● ●● ●●● ●● ●●●●●●● ●●●●●●●●●●● ●●●● ●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●● ●●● ●●● ●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●● ●●●●●●●●●● ●●●●● ●●●● ●● ●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●● ●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●● ●●●●●●●●●●● ●● ●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●● ●● ●●●●●● ●●● ●●●●● ●●● ●● ●● ●●●● ●●●●●●● ●●●●● ●● ●● ●●●● ●●●●●●● ●●●●●●● ●●●●●●●●● ●●●●●●● ●●● ●●● ●●●●●●●●● ● ●● ●●●●● ●●●●●●●●●●●●● ●● ●●● ●●●●●●●● ●●●● ●●●●●●●●●●● ●●●●●● ●●●●●●● ●●●●●●● ●●●●● ●●●●●●● ●●●● ●●●● ●●●● ●● ●● ●●●●●● ●●● ●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●● ●●● ●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●● ●●● ●●●●●●●● ●●●● ●●●
●●●●●●●●● ●●●●●●●● ●●●●● ●●●●● ●●●● ●●● ●●●●●●● ●●●● ●●●●●●●●●●●●●● ●● ●● ●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●● ●●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●● ●●●●● ●● ●●●●● ●●●●● ●●●●●●● ●●● ●●●●● ●●●●●● ●●●●●● ●●●●●●●●●●● ●●●● ● ●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●● ●●●●●● ●●●●●●●●●●●● ●●●●●● ●●●●●●● ●●● ●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●● ●●● ●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●

●●●●●●●●●●●●●●●● ●● ●●● ●●●●● ●●●●●●●●●●●●● ●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●● ●●●●● ●●●●●●●●●●●● ●●● ●●●●●●●●● ●●●●●●● ●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●
●●●●●●●●●●●●●●● ●● ●●● ●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●● ●●●●●●●●●●●●●●●●●●●●●● ●●

●●●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●
●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●

●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●

●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●

●●●●● ●●●●●●●●●●●●●●●●●●● ●

●●● ●●●●●●●●●●●●●●●

●●●●●●●

●●●

●
●

−
75

−
50

−
2502550

0
 
 
 
 
 
 
 
 
 
 11
 
 
 
 
 
 
 
 
 
 22
 
 
 
 
 
 
 
 
 
 33
 
 
 
 
 
 
 
 
 
 44
 
 
 
 
 
 
 
 
 
 
 56
 
 
 
 
 
 
 
 
 
 67
 
 
 
 
 
 
 
 
 
 78
 
 
 
 
 
 
 
 
 
 89
 
 
 
 
 
 
 
 
 
 10
0

p 
=

 0
.4

42

Freq. (z−scored, centered)

C
1 ●

●●

●●●●●●●●●●●●

●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●

●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●
●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●● ●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●● ●●●●●●●●●●● ●●●●●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●● ●●●●●

●●●●●●●●●●●●●●●●●●●●●
●●●●●● ●●●●●●●●●● ●●●●●●●●● ●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●● ●●●●●●●● ●●● ●●●●●●● ●●●●●●●●●●

●●●●●●● ●● ●●●●●●●●●●● ●●● ●●●●●●● ●●●●●● ●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●● ●● ●●●●●●●● ●●●●●●●●●●● ●●● ●● ●●●●●●●●● ●● ●●●●● ●●●●●●●●●●● ●●●● ●●●●● ●●● ●●●●●●●●●●● ●●●●●● ●●●● ●●● ●● ●●●● ●●●● ● ●● ●●●●● ●●●● ●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●● ●●● ●●●●● ●● ●●●● ●●●●●● ●●●● ●●●●● ●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●● ●●●●●●●●●●●●●●● ●●● ●● ●●●● ●●● ●●●●●●●● ●●●●
●●

●●
●●

●●●●●●● ●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●● ●
●● ● ●●●●● ●●● ●●●●● ●●● ●● ●●●● ●● ● ●● ●●●● ●●●● ●●●● ●●●● ●●●● ●●●● ● ●●●●● ●●● ●● ●●●● ●●● ● ●●●● ●● ●● ●●● ●● ●● ●●●● ●●●●●● ●● ●● ●●●●● ● ●●● ●●●● ●●●●●●● ●●● ●● ●●● ● ●● ●● ●●●●●●● ●● ●●●●● ●●● ●● ●● ●●●●● ●●●●●●●●● ●●●● ● ●●● ●●● ●● ●●● ● ●●● ●●●● ●●●●●●●● ●● ●● ●●● ●● ●● ●●● ● ● ●●●●● ● ●●●● ●● ●● ●● ●●●● ●● ●●●●●●● ● ●●● ●●●●● ●●●●● ● ●●● ●● ●●●● ●●● ●●●●● ●●● ● ●●● ●●●●● ●●● ●●● ●●●● ● ●● ●●●●● ●●● ●●●● ●●● ●● ●●● ●●● ●● ●● ●● ●●●●●● ●● ●●● ●●●● ●●● ●●● ●● ●●● ●● ●●● ●●● ●● ●● ●● ●●● ●●● ●● ●●● ●●●● ●● ● ●●●●● ● ●●●●●● ●●●●● ●●●● ●●●● ●● ●● ●● ●● ●●●●●● ●●●●● ●●●●● ●●●●●● ●● ●●● ●● ●●● ● ●●●●● ●● ● ●●●● ●● ●● ●● ●●● ● ●●●●● ●● ●● ●● ● ●●●●●●●● ●● ●●●● ●●●●● ●●● ●●● ● ●●●● ●●●●● ●●● ●●●●●● ●● ●● ●● ●● ●● ●● ●●● ●●● ● ●● ●● ●●● ●●●●●● ●● ●●●● ●● ●● ●●● ●●● ●● ● ●● ●●●● ●●● ●● ●● ●● ●●● ●● ●●● ● ●●● ●● ●●● ●●● ●●● ●●●●● ●●● ●● ●●●● ●● ●●●●● ●● ● ●● ●●●● ●●●● ●● ●●● ●● ●●● ●●●● ● ●● ●● ●●● ●●●●●● ●● ●● ●●●● ● ●●●● ●● ●●●●● ●●

● ● ●●● ●● ●● ●● ●●●● ●●●● ●●● ●●●●● ●● ●●● ●●● ●● ●● ●●● ●●●● ●● ●● ●

●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●● ●●

●●●●● ●●● ●●

● ●● ●●●●●● ●● ●●●● ●● ●●● ●●●●● ●●● ●●● ●● ●●●● ●●● ●●● ●●●● ●● ●●● ●● ●●● ●●●● ●●●●● ●●●●●●●●● ● ●●●●● ●● ●● ●●● ●●●●●● ●●●● ●● ●● ●● ●●●●● ●● ●●● ●●●● ●● ●●●● ●●●●●● ●●●● ● ●● ●●●●● ●●●●●● ●●● ●● ●●●●●● ●● ●● ●●● ●●●●● ● ●●●●● ●● ●●●●● ●●● ●● ●● ●● ●●● ●●●●●●● ●● ●● ●● ●●● ●●●●●●● ●●● ●●●● ●●●●●● ●● ●● ● ●● ●● ●● ●●●●●● ●●● ●● ●●● ●●● ●●●●●● ● ●● ●● ●●● ●● ●●● ●●●●● ● ●● ●●●●●●● ●●● ●● ●● ●●● ●●●● ●●●●●● ● ●●● ●●● ●●●●●● ● ●● ●●●●● ●●●● ●● ● ●●●● ●●● ● ●● ●●● ●●● ●●●●●●● ●● ● ● ●● ● ●●●● ●●● ●●●● ●●●●● ●● ●●● ●●●● ●● ●●●● ●●●●● ●● ●● ●●● ●●●●● ●●●●● ●●●●● ●●●●●●●●●● ●●● ●● ●●● ●● ●● ●●●● ●●● ●●●●● ●● ●●●● ●●● ● ●● ●●● ●● ●●● ●●● ●● ●●● ●● ● ● ●●●●●●● ●●●●● ●●●●●● ●● ●●●● ●●●●●● ●●●●● ●●●● ●●●● ● ●● ●● ●● ● ●●●●●● ●● ●●●● ●● ●● ●●● ●● ●●●● ●●●●● ●● ● ●●● ●● ●● ● ●●● ●● ●● ●● ●●● ●●● ●●● ●●● ●●●●● ● ●●●● ●●●●●●●●●● ●●●

●●● ●●●●● ●● ●●●●●●● ●● ●●●●● ●● ●●●●●●●●●● ●● ●●●●●● ●● ●●●●●● ●●●● ●●

●● ●

● ●● ●● ●●●●● ●● ●●●● ●●● ●●● ●●●●● ●● ●●●● ●● ●●●● ●● ●●●●● ●● ●● ●●● ●●● ●●● ●● ●●●● ●● ●●●● ●●●●● ●● ● ●●●● ●●●●● ●● ●●● ●● ●●●●● ●●●● ●●● ●● ●●●● ●●● ●● ●●●●● ●● ●● ●● ●● ●● ●● ●●●● ●●●●● ●●● ●● ●●●● ●●●●●●●● ●●● ●●●●● ●● ●● ●● ●●●● ●●●●● ●●●●●● ●●● ●●● ●●●● ●● ●●●● ●●● ● ●●● ●●●● ● ●● ● ●●●● ●●●●●●● ● ●●●● ●● ●●● ●●● ● ●●●●●● ●● ●● ●●●●● ●● ● ●● ●● ●●●●● ● ●●● ●●● ●● ●● ●● ● ●●●●● ● ●● ●●●● ●●●● ●● ●● ●● ●●● ●● ● ●●●● ●●● ●●● ●● ●●●●●● ●●●●● ● ●●● ●● ●● ●●● ● ●●●●●●●●● ●●●● ●● ● ●● ●●● ●● ●● ●●●● ● ●●● ● ●● ●● ●●●● ●●● ● ●● ●● ●●●● ●●●● ● ●●● ●●●●● ●●●●●● ●●● ●●●●●●●●● ●●●●●● ● ●●● ●●●● ●●● ●●● ●●● ●● ● ● ●●●● ●●●●● ●●●● ● ●●● ●●● ●● ●●● ●●●● ● ● ●●● ●● ●●●● ●● ●●● ●●●● ●● ●● ●●●●●●●●● ●● ●●● ● ●●●●● ● ●●●● ● ●● ●●● ●● ●●● ●●●● ●●●● ●● ●● ●● ● ●● ●● ● ●●● ●● ●●● ●●● ●●●●● ●●●● ●● ●● ● ●●●● ●●●● ●●●● ●● ● ●● ●●● ●●●● ●●● ●● ●●●●● ●●● ●●● ●● ●●● ●●●●● ●●●● ●●●●● ●● ●
●●●●●●●●

●●●●● ●●●● ●

●● ●●● ●●● ●● ● ●●●●● ● ●●● ●●●● ●●● ●●●● ●●●●● ●● ●● ●●● ●● ●● ●●● ●●●●● ●●●●● ●● ●●●● ●● ●●● ● ●●●● ●● ● ●●●● ●●●●●●● ●●● ●●●●●● ●●●●●●●● ●●● ●● ● ●●●●● ● ●●●●●● ●● ●●● ● ●●●● ●● ●● ●● ●●●●● ●●● ●● ●● ●●●●●●●●●● ●● ●● ●● ● ●● ●●●● ●●●●● ●● ●●● ●● ●●●●● ●●●● ●●● ●●●● ●●● ●●● ●● ●●● ●●● ●● ●●●● ● ●● ●● ●●●● ●●● ●● ●●●●● ●●● ●●●● ●●● ●●●● ● ●● ●●● ●● ●● ●●● ●●● ●●●●● ●● ●●● ●● ●●● ●● ●●● ●●● ●● ●●●● ● ●● ● ●●●●●● ●●●●● ●●●● ●● ● ●● ●●● ●●● ●●● ● ●●● ●● ●● ●●●●●● ● ● ●● ●●● ●●●●●● ●●●● ● ●●●● ●●● ●●● ●●● ●● ●● ● ●● ●● ●●●●●●● ●● ●●● ●● ●● ● ●●●● ●●●●● ●● ●●● ● ● ●●●●● ●●●●●● ●● ●● ● ●●● ●●●●●● ●● ●●●● ●● ●● ●●● ● ●●●●●●●● ●●●● ●●● ●● ●●● ●●● ●● ●● ●●●● ●●●●● ●● ●●●●●● ●● ●● ●●●● ● ●●● ● ●●● ● ●●● ●●● ●●●●● ●● ●● ●● ●●● ●● ●●● ●● ●●● ● ●● ●●● ●●●●●● ●●●● ●●● ●●● ●●● ●●●●●● ● ●●●●● ● ●●● ●● ● ● ●●●●●●● ●● ● ●● ●● ●●●●● ●● ●●●● ●●●● ●●●● ●●● ● ●●● ●● ●● ●●●●● ● ●●● ● ●●●● ●● ●●●●●● ●● ● ●● ●●● ●●●●● ●●● ●● ●●● ● ●● ●●● ●●●● ●● ● ●●●●●●●●● ● ●●●●●● ●●● ●● ●● ●●●●● ●●● ●● ●●● ●●● ●●●●●●● ●●● ●●● ●●●● ●●● ● ●●● ●●● ●● ●●●●●● ●●●●●●●● ●●● ●● ●●● ● ●●● ●● ●● ●●●●● ●● ●●● ●● ●●● ● ●● ●●●● ●● ●●●● ● ●●●●●● ●● ●●● ● ●●●● ● ●●● ●●●● ●●●● ●●●● ●●● ●●● ●●
●●● ●●●●●●●● ●●●● ●●●● ●●●● ●●● ●●● ●●● ●●●●●● ●● ●●●●

●●●●●●●●●●● ●● ●● ● ●● ●●●● ●●●●●● ●●● ●●
● ●●●●●●●●●●●●● ● ●●●● ●●● ●●● ●●●●● ●●●●● ●● ●●●● ●●● ●●● ●●●●● ●● ●●●● ● ●●● ● ●●●●●● ●●●●●● ●●●●●●●●● ●●●●● ●● ●● ●● ●●● ● ●●●● ●●● ●●

● ●●● ●●●●●●●● ●● ●● ●●● ●●●● ●● ●● ●●●●● ● ● ●●● ●●●● ●●●●● ●●●●●●● ●● ●● ●●● ● ● ●●● ●● ●●●●● ●●● ●●●●●●● ●●●● ●●● ●●● ●● ●● ●●●●● ●● ●●●●● ●●● ●●●●● ●●● ●● ●● ●● ●● ●● ● ●● ●●●● ●● ●● ●● ●● ●● ●●● ●● ●●●● ●●● ● ●●●●● ●●●● ●●●●● ●● ● ●●● ●● ●●● ●●●●●● ●● ●● ●●●● ● ●● ●●● ●●●● ● ●● ● ●●● ●●●●●● ●●●

● ●●●

●● ●
●●

●●●●●●
●●● ●●●● ●●●●● ●●●●●●● ●●● ●● ●●● ●●● ● ●●● ●●●● ●●● ●● ●●●●● ●● ●●● ●● ●●●

● ●●●●● ●● ●● ●●●●●●● ●●● ●● ●●●● ● ●●●● ●● ●● ●●● ●●●●●●● ●●●●● ●●●● ●●● ●●● ●●●●●●●●●●● ● ●●●●●●● ●● ●●● ●● ● ●●● ●●●● ●●●● ●●●●●●● ●● ●● ●●●●● ●● ● ●● ●●● ●●●● ●●● ●●●●●●● ●●●●● ●●● ●●●●●● ●●●● ●●● ●●●●●●
●●● ●● ●● ●● ●● ●●●●●● ●●● ●● ●● ●●●●●●● ●●● ● ●●●●●●● ●●● ●●●●●●

● ●
●●●

●●●●●● ●● ●● ●●● ●●●●● ●● ●● ●●●● ●●●● ●●● ●●●● ●● ●●●● ●●● ●●

● ●●● ●● ●●● ●●●●●● ●● ● ●●● ●●●●● ●●● ●●● ●● ●● ●● ●● ●● ●●

●● ●

●● ●●● ●●●●●● ●●●●● ●● ● ●●●● ●●●●●●●●●●● ●●●●●● ●●●●● ●●
● ●● ●●● ●●●●●●●● ●●●● ●●●● ●●●●●● ●● ●● ●●●●

●●● ●

●● ● ●●●●●●● ●● ●●● ●●● ●●●● ●●●●● ●●● ●●● ●●● ●●● ●●● ●●●●●●●●● ●●●● ●●●●●●● ●● ●● ●●●● ●●● ●● ●● ●●●● ●●●●● ●●●●● ●●● ●● ●●●●● ●●●●● ●● ●● ●● ●● ●●● ●●● ●● ●● ●● ●●●●●● ●●● ●●●●● ●●●● ●● ●● ● ●●● ●●●● ●●●● ●● ● ●●● ●●● ●●●● ●●●● ●● ●●● ●●●●●●● ●
● ●●● ●●●●●● ●●●●●●● ●●● ●● ● ●● ●●●●● ●●●● ●●● ●●● ●

●●
●● ●●● ●● ●●● ●●● ●●●● ●● ●●● ●●● ●● ●● ●● ●● ●●● ●

● ●● ●●● ●●●●●●●●●●●●●●● ●●
●●●●● ●●● ●●● ●●●●●●●●●●● ●●●●●●●●●●●●

● ●●●●●●●●● ●●

● ●●●● ●● ●●●●●●● ●● ●●● ●● ●●● ●●● ●● ●● ●●●●●●●●●

●●●● ●●● ●●●● ●

●●● ● ●● ●●● ●● ●●●●●● ●●● ●● ●●●●● ●● ● ●●●● ●●●●●● ●● ●●●● ●● ●●●●●●● ●●●●●●● ●●●● ●● ●● ●●● ●●● ●● ●●●● ●●● ●●●● ●●●● ●●●● ●●●●●● ●●●● ●● ●● ●● ●●●● ●●● ●●● ●●●● ● ●●●●● ●● ● ●● ● ● ●● ●●● ●●●●●● ●● ●●●● ●●●● ●● ● ●●●● ●●● ●●●●● ●● ●● ●●●● ●●●● ●●●●●● ●● ●● ● ●● ●● ●●●● ●● ● ● ●● ●●● ●●●●● ●●● ●● ●●●● ●● ●●●● ●● ●● ● ●●● ●●●● ●● ●●●● ●● ●●●● ●●●● ●● ●●●● ●●● ●●●●● ● ●●●●● ●●● ●●● ● ●● ●● ●●● ●●● ●●●● ●● ● ● ●● ●● ●●●●●● ●● ●● ●●●●●●● ●●●● ●●●● ●●●● ●● ●●● ●● ●●● ●● ●● ●● ●●●●●●● ●●● ●● ●●●●●●● ●●●●●● ● ●● ●●●●● ●●● ●●●●● ● ●●●● ●● ● ●● ●●● ●●●●●●● ●● ●●● ●●●●● ●●●● ● ●● ●●●●● ●● ●●●● ●● ●● ●● ● ●● ●● ●● ●●●●● ●● ●●● ●● ● ●●●●●●● ●● ●●● ●●●●● ●●●●● ●●●●●● ●●● ●● ● ●● ●●● ●●● ●●●●● ●● ● ●●●●●●● ●● ●●●● ●● ●●● ● ●●● ●●● ●●● ●●● ●● ● ●● ●●●● ●●● ●● ●●● ●●●● ●●● ●●● ●●● ●●● ●● ●● ● ●● ● ●●●●●●● ●● ●● ●●●●● ●●●● ●● ●●● ●● ●●●●● ●●●●●● ●●●● ● ●●●● ●●● ●● ● ●●●●●●● ● ●●●●●● ●● ●●● ●● ●●●● ●●●● ●●● ●● ● ●● ●●● ●●●●● ●●● ● ●●● ●●● ●● ●●● ●●● ●●●●●●●● ●●●● ●●●● ● ●●●● ●●●●●●● ●●● ●●●●● ●●●● ●● ●●● ●● ● ●● ●●● ●●● ●● ●●● ●● ●●● ●●●●

●●●●●●●●●

●●●●●

●● ●●●●●●
●●●●●

●●●●●●● ●

●●● ●● ●●●● ●●●● ●●●●● ●●●● ●●●●● ●●●● ●● ●●●● ●● ●●●●● ●● ●●●●●●●● ●● ●● ●●●● ●● ●● ●●●●●● ●●●●●●● ●●●●●● ●●●●● ●● ●●●● ●● ●●●●● ● ●●●● ●●● ●● ●●●●●● ●●●● ●●●● ●●●●● ●●●● ● ●●●● ● ●● ●●●●●●●●●● ●●●●● ●●●● ●●● ●●● ●● ●●●●● ●●●● ●●●●● ●● ●● ●● ●● ●●●●●●●●● ●● ●● ●● ●● ●●● ●●● ●● ●● ● ●●● ●●● ●●●● ●●● ●●●●●● ●●● ●●●●● ●●●●● ●● ●●● ●●● ●● ●●●● ●●●●●●●●● ●● ●●●●●● ●● ●● ●●●● ●●●●● ●● ●●● ●●● ●● ●●●● ●● ●● ●● ●● ●●● ●●●● ●●●● ● ●●●● ●● ●● ●●● ●●●●● ●●● ●●●● ●●●●● ●●●● ●●● ● ●●●●● ● ●●●●● ●●●●● ●●● ●●● ●●●●
●●●●●●●●● ●●●● ●●●● ●●●●●●●● ●●● ●● ●●● ●●●●● ●●●●● ●● ●●●●●●● ●●●●● ●●●●●● ●●●●● ●● ●●●● ● ●●● ●●●●● ●●●● ●●●●● ●●●●●● ●●●● ●●●●● ●●●●●●● ●● ●●●●●● ●●● ●● ● ●● ●●●● ●● ●● ●● ●●● ●●●●●● ●●● ●●●●●●●●●● ●● ●●● ●●●●●●● ●●● ●● ●●● ●● ●● ●●●●●●● ● ●●●●●●● ●● ●●●●●● ●●●●● ●●●●● ●●●●●● ● ●●● ●●●●● ●●● ●● ●●● ●●● ●●● ●● ●● ●● ● ●●●● ●●●●● ●●● ●●● ●●●●● ●●● ●●● ●●● ●●●●●● ●●●●● ●● ●

●●●●●● ●●●●● ●● ●● ●●●●● ●●●●●● ●●●● ●●●●●●●●●●● ● ●●●● ●●●● ●●●●● ●●●●●●● ●●●● ●●●● ●●● ●●● ●●● ●●● ●● ●●● ●● ●●● ●●● ●●● ● ●●● ●●●● ●●●●●●● ●● ●●● ●●● ●●● ●● ●●●●●●● ●●●●●● ●●●● ●●● ●●●●●● ● ●●●●● ●●● ●● ● ●●●●●● ●●●● ●●● ●● ●● ●● ●● ●● ●●●● ●● ●● ●●●●●● ●●● ●●● ●●●●● ●●●●●● ●●● ● ●●●●● ●● ●●●●● ●●●● ●●●●●● ●●●●● ●●●●●● ●●● ●●● ●●● ●●●● ●● ●●● ●●● ●

●●●

●● ●●●●●●●● ●●●●●● ●●●● ●●● ●●●●●●●●● ●● ●●●●●●●●●●●●●● ●●● ●●●●●●●●●●● ● ●●●●●●●●● ●●●●●● ●● ●●●● ●●●●●●●● ●●●●●●●●●●●●● ● ●●● ●●●●●●●●●● ●●●●● ●● ●●●● ●● ●●● ● ●●● ● ● ●● ● ●●●● ●● ● ●● ●●●● ●● ●●●● ●● ●● ●●● ●● ●●● ●●●●● ●●●●●● ●●●● ● ●●●●● ●● ●●●●● ●●●●●● ●●●●● ●●●● ●●● ●●● ●●● ●● ●● ●●● ● ●● ●●● ● ●●●● ●●●●●●●●● ●●●● ●●●●

●●● ●●●●● ●●●●● ●● ●●● ●●●●●●●●● ●● ●●●●●●●●●●●●● ●●● ●●●● ●● ●●●● ●●●●● ●●●●● ●●●●●●●● ●●● ●●●●●●●● ●●●● ●●●●●● ●●●● ●●●●●●●● ●●●●●●●●● ●●● ●●● ●●●● ● ● ●● ● ●●●● ●●●● ●● ●●● ●●●●● ●● ●●●● ●●● ●● ●●● ●●●●●●● ●● ●●●●●●●●●●● ●●●●●●●● ●●●●● ●● ●●●●● ● ●●●● ●●● ●●● ●● ●●● ●● ● ●● ● ●● ●●●● ●●● ●● ●● ●● ●● ●●●

●● ●●● ●● ●●●●●●● ●●● ●●● ●● ●●●●● ●● ●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●● ●●●●●● ●●●●● ●●●● ●● ●● ●● ●● ●●●●●●●● ●●●●●● ●●●●●●● ●●●●●● ●● ●● ●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●● ● ●● ●●●●●●●● ● ●●● ●●● ●●●●●● ●●● ●●●●●●● ●●●● ●● ●●● ●●●●●● ●●●●● ●●●●●●●●●●●●● ●●●●●●● ●● ●●●●●● ●●● ●●● ●● ● ●●●●●●●● ●●●● ●●●●●●● ●●● ●●●●● ●●● ●● ● ●●●●● ●● ●●●●●●

●● ● ●●●● ●●● ●●●●●●●● ●●● ●●●●●●●●●● ●●●● ●●●●● ●● ●●●●●●●●●●●●●●●●●●● ●● ●●● ●● ●●●●●●●●●●●●●●●●● ●●●●● ●● ●●●●● ●●●● ●●● ●●●●●● ●●● ● ●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●● ●●● ● ●● ●●●● ●●●●● ●● ●●● ●●●●●● ●●● ●●●●● ●●● ●●●●●●● ●●●●●●●●● ●●●●● ● ●●●● ●●●● ●●● ●● ●●●● ●● ●● ●● ●●●●●● ●● ●● ●● ●●●●●● ●● ●●● ●●● ●● ●●●●●●●● ●●●●●●●● ●●●
● ●●●●●●●● ●●● ●●● ●●●●●●● ●●● ●●●● ●●● ●● ●●●●● ●●● ●●●●●● ●●●●● ●●●●● ●●●●●● ●●● ● ●●●●● ●●●●● ●●●●● ●●●● ●●●●●●●● ●●●●●● ●● ●●●● ●●●●●● ●● ● ●● ●●● ●●● ●● ●● ●●●● ●●● ●●● ●●●● ●●●●● ●● ●●●● ●●●●● ●●●●●●● ● ●●●● ●● ●●● ●● ●●●●●●●●● ●● ●● ●●●●●●●●● ●●●●●●● ●●●●● ●● ●●● ●● ●● ●●●●● ●● ●●●● ●●

●●●●●● ●●●●●● ●●●●●● ●●●●●●●● ●● ●●● ●●● ●● ●●●●● ●●● ●●●●●●●●●●●●●●●●●● ●●●● ●●●●●● ●● ●●●●●● ●●●●● ●●●●●●●● ●●●●●●●● ●●●● ●●● ●●●● ●●●● ●●●● ●●●● ●●● ●●● ●●● ●● ●●●●●● ●●●●● ●●●● ●●●●● ●●●● ● ●●●● ●●●●●●●● ●●●● ●● ● ●●●●●●●●● ●●●●●● ● ●● ●● ●●● ●●●●●●●●●●●●●● ●● ●●●● ●● ●●● ●● ●●●● ●●●●●●● ●●●● ●●● ● ●● ●●●
●●●

●

●●● ●● ●●● ●● ●●●● ●●●● ●●●●●● ●● ●●● ●●● ●●●●● ●● ●●●●● ●● ●●●●● ●●●●●● ●●● ●●●● ●●●● ●●●● ●●●●●●●●● ●●● ●●● ●● ●●●●● ●● ● ●●●●● ●●●● ●● ●● ●●●● ●●●●● ●●● ●●●● ●●●●●●● ●● ●● ●●● ●●●● ●●●●●●● ● ●● ●●●● ●●●●● ●●●● ● ●● ●●● ●●●● ●●●●●● ●●●●● ●●●● ●● ● ●●●● ● ●● ●●● ●●● ●●●● ●●●●●●●●●●● ●●● ●● ●● ●●● ● ●● ●●●● ●●●●● ●● ●●●●● ●● ● ●●●●●● ●● ●●●● ●●●● ●●●● ●●●●●● ●● ●●●●● ●● ●● ●●●● ●●●●● ●●● ●●●● ●●●●● ●●●● ●●
●●● ●● ●● ●● ●●●●●● ●●● ●●●●● ●●●● ●● ●● ●●●●● ●●●● ●●●● ●● ●●●● ●●●●●●● ●●●● ●●● ●● ●●●●● ●●●●● ●●●●●● ●● ●●●●●● ●● ●●●●● ● ●●●●●● ●●● ●●●● ●● ●●●●●●● ●●● ●● ●●● ●●●● ●●●●●● ●● ●●●● ●●● ●●●● ●●● ●● ●●● ●●● ● ●●● ●●●● ●● ●● ● ●●● ●●●● ●● ●●●●●●●●●● ●●●● ● ●●●● ●●● ●●●● ●●● ●● ● ●●●● ●●● ●●● ●●●●●●●● ●● ●● ●●● ●● ●● ●●● ●●●● ●●●●●● ●●●●●●●● ●●●●●●● ●●● ●● ●● ●● ●●●● ●●●● ●●●●●●●● ● ●●●● ●● ●● ●●●●●● ●●●● ●● ●●●● ● ●●●●●●● ●●●

●●

●● ●● ●● ●●●● ●●● ●●●●●● ●●● ●●●●● ●●● ●●● ●●●● ●● ●● ●● ●●●●● ●● ●●●● ●●●● ●●●●●●●●● ●●●● ●●●● ●●●●● ●● ●●●● ●● ●●●● ●● ●● ●● ●● ●●●● ●●●●●●● ●●●●●●● ●●● ●● ●● ●● ●● ●● ●●●●●●●● ●● ●●●● ●● ●●●●●●●● ●● ● ●●●●●●●● ●● ●●●●●●●● ●●● ●●● ●●●● ●●● ●●● ●● ●●●● ●●● ●●●● ●● ●●●●●●● ●●● ●●●● ●●●●●●● ●● ●●●● ● ●●●●●● ●●●●●●●●● ●● ●● ●●●●●●● ●● ●●●●● ●● ●●●●● ●● ●●●●●●●● ●●● ●●●●● ●● ●● ●●●●●●●
●● ●●● ●●●● ●● ●●●●● ●●●●●●●● ●●●● ●● ●● ●●●● ●●● ●● ●●●● ●● ●●● ●●●● ●●● ●● ●●● ●● ●● ● ●● ●●● ●●●●● ●● ●●●● ●● ●●●●●●● ●●● ●●●● ●●●●●●●●●●●●● ●●● ●●●●● ●● ●●●●●●●● ●● ●● ●●● ●● ●●●● ●●● ●●●●●●●●●●● ●● ●●●●●●●●●● ●●●●● ●●● ●●●●● ●●● ●●● ●●●●● ●●● ●● ●●●●●●● ●●● ●●● ●● ●● ●● ●●● ●●● ● ●●●●● ●● ●●●●●●●● ● ●●●●● ●● ●●●●●● ●●●●●● ●●●● ●● ●●●● ●●● ●● ●●●●●●● ●●●● ●● ●●● ●●●●

●● ●●● ●●●●● ●●● ●●●●●● ●●●●●●●●● ●●●● ●●●● ●●●● ●●● ●●●● ●●● ●●● ●● ●●●●●● ●●● ●●●●● ●●● ●● ●●● ●●●● ●●●●●● ●●●●●●● ●●●● ●●● ●●●●●●●● ●●● ●●●● ●●● ●●●●●●●●● ●●●●● ●●●● ●●● ●●●● ●● ●●● ●●●● ●●● ●●●●●● ●●● ●●● ●●● ●●●● ●●●●● ●●●● ●●●● ●●●●●●●●●●● ● ●●●●●●●●●●●●●● ●●● ●● ●●●●●● ●●●●● ●●● ●●●● ● ●●●●●● ●●●● ●●● ●●● ●●●●● ●●●●● ●● ●●●●●● ●● ●●●●●●● ●● ●●●●●●●●●●●●● ●●● ● ●● ●●● ●●●●●●●●●●● ●●●● ●●●●●● ● ●● ●●●●● ●●●
●●●● ●●● ●●● ●● ●●●● ● ●●● ●●●●● ●●●●●● ●●●●●● ●● ●●●●● ●●● ●●●● ●●●● ●●● ●●●● ●●● ●●● ●●● ●●● ●●●● ●●● ●● ●●● ●● ●●●● ●●● ●● ●●●●● ●●● ● ●●● ●●●●●●● ●●●● ●●●●●● ●●●●● ●●●●● ●●●● ●●●●● ●●●● ●● ● ●●●●● ● ●● ●●●● ●●●●●●● ●●●●●● ●● ●● ●● ●●●● ●●●●● ●●●●● ● ●● ●●●●● ●●●●● ●●●●● ●●● ●●●●●●● ●● ●● ●●● ●●●●●●● ●● ●●● ●● ●●● ●●●●●●●●●● ●●●●● ●● ●● ●●● ●●●● ●●●● ●●● ●●● ●● ●● ●●●● ●● ●● ●●●● ●● ● ●● ●●●●●●●●● ●●●● ●● ●●

●●● ●●●●●●●● ●●●●●●●● ●●●● ●●● ●●●● ●● ●●●● ●●●●●●● ●● ●● ●●●● ●●●● ●● ●● ●●●●●● ●●● ●●●●● ●●●●●●●●●● ●●●●●● ●●● ●● ●● ●●●●●●●●●● ●●●●●● ●● ● ●●●● ●●●●● ●●●●●●●●● ●● ●● ● ●●● ●●●●●● ●●●●●●● ●● ●●●●● ● ●●● ● ●●●● ●●●●● ●●●●● ●●●●●●●● ●● ●●● ●●●●●●● ●● ● ●●●●● ● ●●●●●●●● ●● ●●●● ●●●●●● ●●● ●●● ●● ●●●● ●● ●●●● ●●●● ●●● ●●●●● ●● ●● ●●● ●● ●●●●● ●● ●●●● ●● ●●●● ●●●● ●●●● ●●●●● ●●●● ●●● ● ●●●●●● ●●●●●● ●● ●● ●● ●●●●●● ●● ●●● ●●●●● ●●
●●●● ●● ●●● ●● ●●●● ●●●●● ●● ●●●● ●●●●● ●●●●●●●● ●● ●●●● ●●●●● ●●● ● ●● ●● ●●●● ●●●●●● ●●●●● ●●● ●● ●●●● ●●● ●●● ●● ●●●● ●● ●● ●●●●●●●●●●● ●●●● ●●● ●●●●● ●● ●●●●●● ●●● ●●● ●●●● ●● ●●●●● ●●● ●●●●●● ●●●●● ●● ●●● ●●●● ● ●●● ●●●● ●● ●●●●●● ●● ●● ●●●●●●●●●●● ●● ●● ●●● ●●●● ●●●●● ●●● ●●●●●●●●● ●● ● ●●● ●●●● ●● ●● ●●●● ●●●●● ●●●●● ●●● ●●●●● ●● ●●●●●●● ● ●● ●●●●●●● ●● ●●● ●●● ●● ●●● ● ●●●● ● ●● ●●●● ●● ●●● ●● ●●● ●●● ●●●●●●● ●● ●●●● ●●●●●●●●● ●●●●● ●●●●●● ●●●●●●●● ●●●● ●●● ●●●●●●●● ●●● ●●● ●●● ●●● ●

● ●● ●● ●●●●● ●● ●●●●●●●●●●● ●● ●● ●●●●●● ●●● ●●●● ●● ●●● ● ●●●● ●● ● ●●●●●● ●●●●● ●●●●●●● ●●● ●●● ●●● ● ●● ●●●●● ●● ●●●● ●●● ●● ●●●●●● ●●●●●●● ●●●●● ●●● ●●●● ●● ●●● ●●●●● ●●●● ●●●● ●●●●● ●● ●● ●●●●●● ●●●●● ●● ●●● ●● ●●● ● ●●●●●●● ●● ●●●● ●● ●● ●●●● ●●●●● ● ●●●● ●●●●● ●●●● ●●●● ●●● ●●●● ●●● ●●●● ●●● ● ●●●● ●● ●●●●●●●● ●● ●●● ●●●●●● ●●●● ●● ●● ●●●● ●●●●●● ●●● ●●● ● ●● ●●● ●●● ●●● ●● ●●●● ● ●●● ● ●●●● ● ●● ● ●●●●●●●●● ●●● ●●● ●●● ● ●● ●●● ●●●●●●● ●●●● ●●●●●●●● ●●●●● ●●●●●●● ●●●● ●●● ●●● ●●●● ●●● ●●● ●●● ●●● ●● ●● ●● ●●● ●●● ●

●● ●●●● ●●● ●●●●●
●●

●●●●●
● ● ●● ●●●● ●●●● ●●●● ●● ●● ●●●●● ●● ●●● ●●●● ●● ●● ● ●● ●●●● ●● ●●●●● ●●● ●●● ●●● ●●● ●● ● ●● ●●● ●●● ●● ●●●● ●●●●●● ●●●● ●●●● ●● ●●●●● ●●●● ●●● ●●● ●●●●● ●● ●● ●● ●●●● ●● ●●●● ●● ●● ●● ●● ●● ●●●● ●● ●●● ●●● ● ●● ●●●● ●●● ●●●● ●●●● ● ●●●● ●●●● ●●●● ●●●●● ●● ●●●● ● ●● ●●●●● ● ●● ●●● ● ●●●●● ●● ●●● ●● ●●●●●● ●●●● ●●●● ●● ●● ●● ● ●●●● ●●●●● ●●●●● ●● ● ●● ●● ●●●●● ●●● ●●● ●●● ● ●● ●●● ●●●●●● ●● ●●●● ●●●●●●●● ●● ●●●●●● ●●● ●●●●●●●● ●● ●●● ●●●● ●●● ●● ●●●●● ●●●●● ●●● ●●● ●●● ●●●●●●● ●●●●●● ●●●●●●●● ●● ●● ●●● ●●●●● ●●● ●●● ●● ●● ●●●●● ●● ●●●● ●● ●● ●●● ●●●●●● ●●●● ●● ●●● ●●● ●● ●● ●● ● ●● ●●●● ●● ● ●●●●● ●● ●●●●● ●●●●●●●● ●● ●●● ●●●●● ●● ●● ●● ● ●●● ●●●● ●●●●● ●● ●● ●● ●●

●● ●● ●● ●●●●●●●● ●●●●● ●●●●●●● ●●● ●

●●● ●

●●● ●●●● ●●● ●●● ●●● ●● ●● ●●●● ●●●● ● ●● ●● ●●● ●●● ●●● ●●● ● ●●●●● ●● ● ●● ● ●● ●●●● ●● ● ●● ● ●● ●●●● ●●● ●●● ●●● ●● ●● ●●● ●●●●● ●●●● ●●●●●●● ● ●●● ●● ●● ●●●●● ●● ●● ●● ●● ●●● ●●● ●● ●● ●● ● ●● ●●● ● ●●●● ●●● ●●● ●● ●● ●●● ● ●●●● ●●●● ●● ●●● ●● ● ●●●●●● ●●●● ●●●●●●● ●●● ●●●● ●●● ●● ●● ●●● ● ● ●● ● ●●●●●● ●● ●●●●● ●● ●● ●● ● ●● ●● ●●●●●●●● ●● ●● ●●● ●●● ● ●● ●●●● ●●● ●●● ●● ●●●● ● ●● ●●●● ●●●● ●● ●●●● ●●● ●●● ●●● ●●●● ●●●● ●●●● ●●● ●● ●● ●●●●●● ●●●● ●●● ●● ●●● ●●● ●●● ●●● ●● ●●●● ●● ●●●●●●●● ●●●● ●●●●●● ●● ●● ●● ● ●●● ●● ● ● ●●●●●●●●● ●● ●●●●● ●● ●●●● ●● ●● ●● ●● ●● ●● ●● ●● ●●●●●● ●● ●●● ●●●● ●●● ●●●● ●● ●●● ●●●●●● ●●● ●●●●● ●●●●● ● ●● ●●● ●● ●●● ●● ●●● ●● ●●●● ●●●●● ●● ●●● ●● ●● ●●● ●● ●●● ●●●● ●●● ● ●● ●●● ●● ●●●●●● ●●●● ●●●●● ●● ● ●●● ●●● ●● ●●●●● ●●● ●●● ●● ●●●● ●●●● ●●● ●● ●● ●● ●● ●●● ● ●●●●● ●● ●● ●● ●●● ●●●● ●● ●● ●● ●●● ● ●●●●● ●● ●●● ●● ●● ●● ●● ●●● ●●● ●●●● ●●●● ●●● ●● ●●
●●● ●●● ●● ●●● ●●●●● ●●● ●●●● ●●●●●●●●●●●● ●

●● ●●● ● ●● ●●● ●●● ●●● ●●●●●●● ●● ●●● ●● ●●● ●●●●● ●● ●● ●●● ●●●●●●● ●●●●●●●● ●● ●●●●●●● ●●●●●● ●●● ●●●●● ●●● ● ●●
●● ● ●●●● ●●● ●● ●●● ●●● ●●●●● ●●●●●●● ●●● ●● ●

● ●●● ●● ●●● ●●●● ●● ●●● ●●● ●●● ●●●●● ●●● ●● ●● ●●●●●●●● ●●●●● ●●●●● ● ●● ● ●

● ●● ●● ●●●●● ●●●●●●●●● ●● ●●
● ●●

● ●●● ●●●● ●● ●●●●●●●● ●●● ●●

●●●● ●● ●●● ●●● ●● ●●●●●●●● ●● ●●●●●●● ● ● ●●●● ●● ●●● ●● ●●●● ●● ●●●● ●● ●● ● ●●●●● ●●●●●●●● ●●●●●●●●● ●●●●●● ● ●●●●●● ●●●● ●●●● ●●●● ●● ●●●●●●● ●● ● ●● ●●● ●●●● ●● ● ●●● ●●● ●●●●●●● ●● ● ●●●●●● ●●● ●●●● ●●●●● ●● ●●●●●●● ●● ●●● ●● ●●●● ●● ● ●● ●●●● ●●● ●● ●●●●● ●●●●● ● ●● ●●●●●● ●●

●● ●●● ●●●● ●●●●● ● ●●● ●●●●● ●●●●●●● ●●●● ● ●● ●

● ●●● ●● ●●● ● ●●●● ●●●● ●● ●●●●●●●●● ●●●●●●● ●●●● ●●● ●●● ●●●● ●●●
●●●

● ●● ●●● ●●● ●● ●●●●●●●●●● ●●● ●●●● ●●● ● ●●● ●●● ● ●●● ●●●●● ● ●●●●●●● ●●●●
●

●●●●●● ●●●● ● ●●●●●●●● ●●● ●●●● ●●●●●●● ● ●● ●● ●●● ●● ●● ●●● ●●●● ●●●●●● ●●●● ●
●●

●●● ●● ●●● ●●●● ●● ●●●●●● ●● ●● ●● ●●● ●● ●●●●● ● ●●●● ● ●●● ●●●● ●● ●● ●●● ●●●●● ●●●●●● ●●● ●●

●●●●●
●● ●●● ●● ●● ● ● ●●●●● ●●● ● ●●●●●● ●●●● ●● ● ●●●●●● ●●●●● ●●● ● ●● ●●●●●●●●● ●●● ●●●●● ● ●●● ●● ●● ●● ●● ●●●● ●● ●●●● ● ●●● ●●● ●●●● ●●● ● ●● ●●●●● ●●●●●●● ●●●● ● ●● ●● ●●● ●●●●●● ●●● ●● ●●●● ●●●●● ●● ●● ●●● ● ●●● ●●●● ●●● ●●●● ● ●●● ●●● ●●●● ● ●● ●●●●● ●● ●●●● ●●● ●● ●● ●● ●● ●● ●●●● ●●● ●●● ●●● ●●● ●●●● ● ●●●● ●●● ●● ●● ●● ●●●●● ●● ●●● ●● ●● ●●● ●●●● ● ● ●●●●●● ●● ●● ●●● ●● ●●● ●● ● ●● ●●● ● ●● ●●● ●● ●● ●●

●●●
●●●●●

● ●● ● ●●●●●● ●● ●●●●● ●● ●●● ●●●● ●● ● ●●● ●●●● ●● ● ●●●●●● ●● ●●●● ● ●●●● ●●●●●●● ●●●● ●●●●● ●● ●
●● ●● ●●

●● ●●●●●●● ●● ●●● ●●●● ●● ● ●●● ●● ● ●●●● ●●● ●●●● ●●●●●●●● ●● ●● ●●● ●●●●● ●● ●● ●●●●● ●● ●●●● ●● ●●●● ●●● ●●
● ●● ●

●●● ●●●●● ● ●● ●●● ●● ● ●●●● ●● ● ●●●● ●●● ●●● ● ●●●● ●●●● ●●●●● ●● ●● ●●● ●● ●● ●● ●●● ●●● ●●●●● ●●●● ●●●●●●● ●●● ●●
● ●●●●●

●● ●● ●●●●● ●●● ●●● ●● ●●●● ●● ●● ●●● ● ●●●●●●● ●●●●●● ●● ●●●●●● ●●●● ●● ●● ●●● ●● ●●●●●● ●●●● ● ●●●● ● ●● ● ●●●●● ●● ●● ●●●● ●●●● ● ●●●●● ●●● ●● ●●●●● ●● ●● ●● ●●●● ●●● ●● ● ●●● ●●● ●● ●●● ●●●● ●●● ●● ●●●●●●● ●● ●●●● ●●●● ●
● ●●●●●●●●

● ●●●●
●●●●●● ●●● ●●● ●●● ●●●● ● ●●● ●● ●●● ●●●●●● ●● ●●●●●● ●● ● ●●●● ●●● ●●●● ●●● ●●●● ●● ●●●

●● ●
●●● ●● ●● ●● ●●● ●● ●●●●●●● ●●●●●● ● ●●●●●● ●●●●● ●● ●● ●●● ●●● ●●● ●●●

●●●●● ●● ●● ● ●● ●●●● ●●●●● ●●● ● ●●●●● ● ● ●●●●● ●●

●●●●●●●●● ●● ●● ●●●●● ● ●●● ●● ●● ●● ●● ●●●●● ●●●● ●●●● ● ●●●●●●●●●●●●
●●●●●● ●●●●● ●●● ● ●●●● ●●●● ●●● ●●● ●●●● ●●●● ●● ●●● ●● ●●●● ●●● ●●●●● ●● ●● ●●●● ●●●●●●●● ●● ●●● ●●●●●●●●● ● ●●●●● ●●●●●●●● ●●● ●●● ●●●●●●●●●●

●●●● ●

● ●● ●●●●● ●●●●● ●●●●●● ●●●●●●●●●●●●●●●

● ● ●●●●● ●● ●●●●● ●● ●●●●●●●●● ●●●● ●●●● ●●●● ●●●●● ●●●● ●●●● ●●●● ●●●● ●●●●● ●●●● ●●●●●●

● ●●● ●●●●●●●●

● ●●●●●●● ●●●●● ●●●●● ●●●●●●●●●●
●● ●●● ●●●●●●● ● ●●● ●●● ●●●● ●● ●●●● ● ●● ●● ●●●●●●●● ●●●● ●●●● ●● ●●● ●● ●●● ●●● ●●●● ●●●●

●●●●●●●●●
●●●●● ●● ●● ●●●●●● ●●●●●

●● ●● ●●●● ●●●●●
●●● ●●

●●●●● ●● ●●●●● ●● ●● ●●●●●● ●●● ●● ●● ●●●●●●●●●●●●●● ●●●● ●●●●●● ●●●● ●●●●● ●● ●●● ●● ●● ●●● ●● ●● ●●●● ● ●●●● ●● ● ●●● ● ●● ●● ●● ●●●● ●● ●●●● ●●●●● ●●●● ●●●●●● ●●●●●● ●● ●●●●●● ●●● ●●● ●● ●●●● ●●● ●●● ●●● ● ●●●● ●●● ●●●●● ●●●●●●●●●●●●●●● ● ●● ●● ●● ●● ●● ●● ●● ●● ●●●●● ●●●● ●● ●● ● ●●● ●●●● ●●● ●●●● ●●●● ●●● ●● ●●●●●●●●●●●●●●● ● ●●● ●●● ●●●● ●●●● ●●●●●● ● ●● ●● ●● ●●●●●●●●●●●●● ●●● ●●●● ●● ●●● ●● ●● ●●●●●●●● ● ●●●● ●● ●●●●● ●● ●● ●●●● ●● ●● ●● ●●●● ●●● ●● ●● ● ●●●● ●●●●●●●●●● ●●●●●●●●●● ● ●● ●●● ●●● ● ●● ●●● ●●● ●●●● ●●●●●●●● ●●●● ●●● ●●●●● ● ●●●●●●●●●● ● ●●●●●●●●●●●●● ● ●● ●●● ●●●● ●●●●●●●●●● ●●●● ●●● ●●●● ●●●● ●●● ●●●●● ●●●●●●● ●●● ●●● ●●●●●●● ●●● ●● ●●●●●●●●●● ●● ●●●●●●● ●●●● ●● ●●●● ●●● ●● ●● ●●●●●● ●●● ●●●●● ● ●●●●●● ●● ●
●●●● ●● ●● ●● ●●● ● ●●● ●●● ●●●●● ●●●●● ●● ●● ●● ●●●●●●●●●● ●●●● ●●●● ●● ●● ●● ●●● ●● ● ●● ●●● ●●● ●● ●●●●● ●● ●● ● ●● ●●● ●●● ●●●● ●● ●● ●● ●●● ● ●●●●●●●●●● ●●●●●● ●●●●●●● ●● ●●●●●● ●●● ●● ● ●●● ●●●● ●●●● ●●●●●● ●●●●●● ●● ●● ●● ●● ●●●●● ●●● ●●●●●● ● ●●●● ●● ●● ●● ●●● ● ●●●● ●● ●● ● ●●● ●●●●● ●● ●●●● ● ●● ●● ●●●● ●●●● ●● ●●●● ● ●● ●●● ●● ●●● ●●●● ●●● ●●●● ●● ●● ●● ●●●● ●●● ● ●●●● ●● ●●●●●● ●●●● ●●●● ●●●● ●● ●●● ●●● ●● ●● ●●●●●●●● ●●●●●● ●●●● ●●● ●●●● ●● ●●●● ●● ●●●● ●●●●●●● ●●●● ●● ●● ●●●●● ● ●●●●●● ●●●●●●●●●●● ●● ●●● ●●● ●●● ●● ●●●●●●●● ●● ●● ●●●● ●●● ●● ● ●●● ●●● ●●●●●● ●● ● ●●● ●● ●●● ●●●●●● ●● ●●●●●● ●●● ●●● ●●●● ●●●● ●● ●●●● ●●●● ●●● ●● ●● ●●●●● ●

●● ●●●
●●

●●●
●●●●●● ●●● ●●●●●●● ●●●●●● ●●● ●●●●●●●●●●●●● ●●● ●● ●● ●● ●●●● ●● ●●●●● ●●●● ●●● ●●● ●●● ●●● ●●●● ●● ●● ●● ●● ●●●●●● ●●●● ● ●● ●●●● ●●●● ●●●● ●●●● ●●● ●●● ●●●●●● ●● ●●● ●●●●●●●● ●● ●●●●● ●●●● ●●●● ●●● ●●●●●● ● ●●●●●● ●●● ●● ●●● ●●● ●●● ●● ●●● ●● ● ●●●●●●●●●●●●●●●●● ●● ●● ●●●●●●●●●●●●● ●● ● ●●●●●● ●●●●●●●● ●●●●●●● ●●●●●●● ●●●●●●●● ●● ●●● ●● ●●●●●●● ● ●●●● ●●●● ●●●●● ●●●●● ●● ●●●●●●●●

●●● ●● ●●●●●● ●●● ●●●●● ●●●●●● ●●● ●● ●● ●●● ●●●● ●● ●●●●●●●●●● ●● ●● ●●●● ●●● ●● ●●● ● ●●●● ●●●● ●●● ●●●● ●●● ●●●●●● ●● ●● ● ●●●● ●● ●●●● ●●●● ●●●●●●● ●●● ●● ●● ●●●●● ●●●● ●● ●●●●●●● ●●●●● ●●●● ●●● ●●● ●●●● ●●● ●● ●● ●●● ●●●● ●●● ●●●●●●●●● ●●● ●●●●●● ●●●●● ●● ●●●●● ●●●●●●●●● ●●●● ●●●●● ●●●● ● ●● ●● ● ●●●●●● ●● ●●● ●●●● ●●●● ●●●●● ●●●●●●●

●●● ●● ●●●●●●● ● ●●●● ●●●●●● ●● ●●●●● ●●● ●●● ●●●● ●● ●●●●●●●●●● ●●● ●● ●● ●●● ●●● ●●●● ●●●●●● ●●● ●● ●●●● ●●● ●●●●●● ●● ●●●●●● ●● ●●●●●●●● ●●●●● ●●●● ●●●●● ●● ●●●● ●●●●●●●● ●● ●●● ●●● ●●● ●● ●●●●●● ●●● ●●● ●● ●● ●● ●●● ●● ●●● ●●●● ●●●●●●●●●● ●●●● ●●●●●● ●● ●●●●●●●●●●● ●● ●● ●●●● ●●● ●●●● ●● ●●● ●●●● ●●●●●
●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●● ●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●● ●●●●●●●● ●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●● ●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●● ●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●
●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●

●●●●●●●●●● ●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●● ●●●● ●●●● ●●●●●●●●●●●●●●● ●●● ●●●●● ●●
●●●●●●● ●●●●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●● ●● ●●●● ●●●●●●●●● ●●●●● ●

●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●● ●●●●●●●●●● ●●●●●
●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●
●●●●●●●●●

●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●● ●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●● ●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●● ●●● ●●●●●● ●●●●●●●●● ●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●●●●● ●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●●●●●●●●●●●●● ●●● ●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●● ●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●● ●●● ●●●●●● ●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●● ●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●● ●●●●●● ●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●● ●●● ●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●●●● ●● ●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●● ●●●● ●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●● ●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●●● ●●● ●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●● ●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●● ●● ●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●● ●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●● ●●●●●●●●●●●●● ●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●● ●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●● ●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●● ●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●●●●●●●●●●●●●●●●●●●●●●
●●●●●●●●●●●●●●●●

●●●●●●●●●●●

●●●●●●●

●●●●●

●●●
●●●

●●●
●●●

●
●

●

−
40040

0
  
  
  
  
  
  
  
  
  
  
 22
  
  
  
  
  
  
  
  
  
  
 44
  
  
  
  
  
  
  
  
  
  
 66
  
  
  
  
  
  
  
  
  
  
 88
  
  
  
  
  
  
  
  
  
  
  11
1
  
  
  
  
  
  
  
  
  
  
 13
3
  
  
  
  
  
  
  
  
  
  
 15
5
  
  
  
  
  
  
  
  
  
  
 17
7
  
  
  
  
  
  
  
  
  
  
 19
9

p 
=

 0
.2

21

Freq. (z−scored, centered)

C
2

P
os

iti
ve

 a
tti

tu
de

 G
O

F
 −

 in
de

gr
ee





B
A P P E N D I X F O R C H A P T E R 4

b.1 issue texts

Energy law

Below you will find the Article 1 of the said Energy Law: “1. This law shall

contribute to an adequate, diversified, secure, economic and environmentally

sound energy supply.2. It aims to:a. ensure the economic and environmentally

sound provision and distribution of energy;b. ensure the economical and effi-

cient use of energy; c. promote the transition to an energy supply based more

on the use of renewable energies, in particular indigenous renewable energies."

Proponents of the Energy Act argue that its implementation will strengthen

the Swiss economy, reduce foreign dependence, increase security of supply

and improve the environmental balance.

Opponents argue that the Energy Law will make energy unaffordable, re-

duce security of supply, jeopardize jobs and prosperity, increase foreign de-

pendence, and lead to more bureaucracy, bans, and landscape blight.

Pension reform

The reform of the old-age pension 2020 can only come into force if the addi-

tional financing by increasing the value added tax also comes into force.

The reform is intended to safeguard pensions and adapt old-age provision

to social developments. Thanks to measures in occupational pension provision

and an increase in new AHV old-age pensions of CHF 70 per month, the level

of old-age pensions is to be maintained. The retirement age for women will be

gradually raised from today’s 64 to 65. The reform allows flexible retirement

between 62 and 70. This is to be financed by an increase in value-added tax of

between 0.3 and 1 percent.
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Proponents of the referenda argue that the level of pensions will be main-

tained, that the financing of the AHV will be secured, that unfair redistribution

will be greatly reduced, that it is an important social advance, and that it is an

adaptation to societal changes.

Opponents argue that the retirement age for women will be unacceptably

increased, that the reform will not bring any improvement to current retirees,

and that the reform in no way guarantees future retirees the level of their

pensions.

TV license fee

The radio and television fee (Billag) must be paid by every Swiss household

and company with radio and/or television access. The fees amount to CHF

450 per year and household and are mainly used to finance SRF (Swiss Radio

and Television).

In favor of the acceptance of the referendum to abolish the radio and tele-

vision fees it is argued that individual freedom of decision is promoted re-

garding how much money is spent on which media, companies are financially

relieved, and more individual funds are available for the promotion of the

national economy.

Against the acceptance of the referendum it is argued that the political

and private independence of the SRF is endangered and that the reporting

in marginal and smaller language regions of Switzerland remains not guaran-

teed.

Full money initative

The full money initiative proposes that only the Swiss National Bank (SNB)

should be allowed to create money, while commercial banks would no longer

be allowed to do so. In addition, the SNB should put money into circulation

"debt-free", i.e. without any backing, by distributing it directly to the federal

government, the cantons or the population.
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The arguments in favor of accepting the referendum on the full money ini-

tiative are that money in payment accounts will become as secure as cash, that

financial bubbles will be better prevented, that the state will no longer have to

bail out the banks with billions in taxes, and that the SNB will be able to pay

out additional money production proceeds to the population.

The arguments against accepting the referendum are that a full money sys-

tem is a risky experiment, that financial services will become more expensive,

that the initiative forces the National Bank to put new money into circulation

without backing which puts it under political pressure, and that full money

could not have prevented the earlier financial crisis.

Gambling act

The new Gambling Act, against which the current referendum is being held,

implements the constitutional article on gambling that was approved by the

people and the cantons on March 11, 2012. Online gambling games such as

poker, blackjack or roulette will be permitted if offered by casinos based in

Switzerland. Foreign providers will be blocked. Small poker tournaments out-

side casinos are now permitted with permission. Gambling winnings of up to

CHF 1 million are no longer subject to tax.

In favor of the adoption of the Gambling Act is that it ensures that in the

future all online gambling providers will pay taxes for the common good, that

prevention and protection against gambling addiction will be strengthened,

that the fight against money laundering and manipulation in sports betting

will be intensified, and that it makes most gambling winnings tax-free.

Against the acceptance of the gambling law speaks that it introduces an

internet censorship through internet blocks, that it pushes online gamblers to

the black market, that the tax reduction in the gambling sector increases the

risk of addiction for gamblers, that it increases tax losses, and that it offers an

insufficient prevention of gambling addiction.
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Food sovereignty

The referendum for food sovereignty demands that imports of non-sustainably

produced food be subject to additional tariffs, that "fair prices" be set, and it

demands measures so that more people can be employed in agriculture. In

addition, genetically modified organisms are to be banned.

Proponents of the food sovereignty referendum argue that it will help strengthen

domestic production, strengthen the rural agricultural sector, create a transpar-

ent and profitable domestic market, increase the value of agricultural work-

ers, create a fair international market, and increase the number of agricultural

workers.

Opponents of the referendum argue that new import tariffs are not against

the law, that they would result in higher costs and prices, and that because of

more employees, the added value must be distributed among more people.

Fair food initiative

The Fair Food Initiative wants the federal government to strengthen the supply

of food that is of good quality and that has been produced in an environmen-

tally and resource-friendly manner, animal-friendly and under fair working

conditions. The federal government sets requirements for production and pro-

cessing, favors imported products from fair trade and land-based farms, and

ensures that negative environmental impacts of food transportation and stor-

age are reduced.

Supporters of adopting the Fair Food Initiative argue that it improves animal

welfare, supports fair trade, protects biodiversity and the climate, and curbs

food waste.

Opponents of the Fair Food Initiative argue that it brings in too much bu-

reaucracy, endangers professions in the food industry, makes food more ex-

pensive, restricts freedom of choice, breaks international commitments, and is

redundant because of existing domestic laws.
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Bike initiative

The Velo-Initiative aims to achieve that more bicycle paths are created and

operated. To this end, the constitutional article on footpaths and hiking trails

is to be expanded to include the term "cycle paths".

Proponents of the Velo-Initiative argue that this will create more safety in

car, bicycle and pedestrian traffic, less congestion and more space for pub-

lic transport, and that tourism will be supported. In addition, money will be

saved in the planning, construction, maintenance, and operation of the pedes-

trian, hiking, and bicycle networks. Furthermore, the Velo-Initiative promotes

cycling.

Opponents of the Velo-Initiative argue that the financial expenditures for

this project would be too high (and would see these funds better invested

elsewhere).
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b.3 full models with friendship networks

Table B.3: Logit regression of friend alter choice to vote on ego choice to vote

Model 1a Model 1b

Intercept -1.18*** -1.76***
Prop. voting altersa

0.82** 0.71*
Number of alters 0.08** 0.07**
Ego choice to votea – 1.24***
Ego knowledgea

0.41*** 0.35***
Political interest 0.84*** 0.7***
Cohort 2 (ref 1) 0.27*** 0.15***
Cohort 3 (ref 1) -0.5 -0.61

Accuracy 0.78 0.8
AIC 763.72 703.16

McFadden’s R2
0.19 0.21

Valid cases 825 792

F1 score 0.86 0.88

Fraction observed to vote 0.87 0.87

Fraction predicted to vote 0.75 0.76

Permutations 5000 5000

Note. Significance determined from observed statis-

tics against percentiles of 5000 permutations, us-

ing absolute, centered values aVariable constructed

from individual data at t-1.
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b.4 full models with discussion networks

Table B.5: Full logit regression of discussant choice to vote on ego choice to vote

Model 1a Model 1b

Intercept -0.7*** -1.36***
Prop. voting altersa

0.29 0.2
Number of alters 0.15* 0.05

Ego choice to votea – 1.67***
Ego knowledgea

0.39*** 0.32***
Political interest 0.72*** 0.64***
Cohort 2 (ref 1) 0.28*** 0.03***
Cohort 3 (ref 1) -0.62 -0.89***
Accuracy 0.82 0.84

AIC 533.21 473.93

McFadden’s R2
0.17 0.22

Valid cases 629 608

F1 score 0.9 0.91

Fraction observed to vote 0.92 0.91

Fraction predicted to vote 0.80 0.81

Permutations 5000 5000

Note. Significance determined from observed statis-

tics against percentiles of 5000 permutations, us-

ing absolute, centered values. aVariable constructed

from individual data at t-1 bHere, 96.5% of indi-

viduals are predicted to vote by the model, while

80.8% did so.
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b.5 choice to vote model with demographics

Table B.7: Logit regression of alter support on ego choice of vote, with demographics

Model 1a Model 1b

Intercept -0.53*** -1.2***
Prop. voting altersa

0.12 0.04

Number of alters 0.15* 0.07

Ego choice to votea – 1.62***
Ego knowledgea

0.42*** 0.34***
Political interest 0.72*** 0.65***
Female (ref male) 0.53* 0.55*
Econ. status -0.4 -0.35

French canton (ref. German) 0.85 0.95

Italian canton -0.44 -0.32

Rumantsch canton -0.67* -0.65*

Accuracy 0.83 0.86

AIC 526.44 470.94

McFadden’s R2
0.19 0.24

Valid cases 628 607

Note. Significance determined from observed statis-

tics against percentiles of 5000 permutations, using

absolute, centered values. Fixed effects for cohort ex-

cluded. aVariable constructed from individual data at

t-1
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b.6 models with discussion groups

Table B.8: Logit regression of group discussant alter support on ego choice of vote

Model 1a Model 1b

Intercept -1.09*** -1.61***
Prop. voting altersa

0.32 0.18

Number of alters 0.07* 0.06

Ego choice to votea – 0.97*
Ego knowledgea

0.44*** 0.41***
Political interest 1*** 0.88***
Accuracy 0.81 0.8
AIC 314.79 304.02

McFadden’s R2
0.22 0.23

Valid cases 361 353

Note. Significance determined from observed

statistics against percentiles of 5000 permuta-

tions, using absolute, centered values. Fixed

effects for cohort excluded. aVariable con-

structed from individual data at t-1
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