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ber of core social contacts. Social networks, however, reach far beyond this

small number of social ties. We know little about individual variation in the size
of such extended social networks. In this study, we move beyond core networks
and explain individual variation in the extended social network size among youth.
We use survey data of Dutch adolescents (N = 5,921) and use two state-of-the-art
measurements to compute extended network sizes: network scale-up methods through
Bayesian modeling and the observed number of contacts on Facebook. Among both
measurements, we find that extended networks are larger among ethnic majority
members, girls, and those who often engage in social foci. This highlights a crucial role
for preferences and opportunity in the genesis of extended networks. Additionally, we
find that differences between hoth network sizes (scale-up and Facebook) are smaller
for girls and higher educated. We discuss the implications of these findings and suggest
directions for future research.

T he sociological literature on social networks overwhelmingly considers the num-

Introduction

Why are some individuals socially isolated but others highly connected? Scholars
have devoted substantial attention on this question with regard to the number of
people with whom individuals closely relate (Parigi and Henson 2014; Marsden
1987; McPherson et al. 2006). People seem to have close ties with only a few
others. This conclusion often originates from studies on people’s “core discussion
network,” where individuals are asked with whom they discuss “important
matters.” Scholars occasionally explain variation in the number of these core
discussion partners (Burt 1984; Marsden 1987; McPherson, Smith-Lovin, and
Brashears 2006). Findings from 1984, 2004, and 2008 (McPherson et al. 2006;
Hampton, Sessions, and Her 2011a) revealed that American adults had an
average of two to three core ties.! Dutch adults report fewer than three discussion
partners (Van Tubergen 2014). It was estimated that Americans on average had
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17 alters with whom they had “trusting” relationships—close friends, discussion
partners, or those trusted for advice or with money (DiPrete et al. 2011).

Current literature on variation in social network size often focuses on these
core network contacts. Individuals’ social circles, however, reach further than
this small group of core or trusting ties (Gurevich 1961; Pool and Kochen 1978).
Social networks consist of network layers (Dunbar 1998). The first two layers
range from 2-3 core ties to 15-17 trusting social relationships (or sympathy
group, Dunbar 2016). The two layers beyond those are hypothesized to have
approximate sizes of 50 and 150 (Dunbar 2016).” Beyond that is something that
is defined as the extended social nerwork. This layer includes all former layers
and is the prime focus of this study.

We know surprisingly little about individual differences in the size of this
extended social network, including both strong and weaker ties. This lack of
attention is remarkable from a substantive point-of-view, because the extended
social network size relates to many societally relevant issues. For instance,
acquaintanceship ties facilitate access to information embedded in social net-
works (Granovetter 1973), and larger networks (measured via distal proxies)
are associated with better health and well-being, and more social support
(Holt-Lunstad, Smith, and Layton 2010). Yet, recent work started to explain
individual variation in the extended network size (DiPrete et al. 2011; Lubbers,
Molina, and Valenzuele-Garcia 2019).

From a methodological perspective this research lacuna is less surprising. It
is not straightforward to measure social ties. It is challenging to measure the
number of core contacts (see Bearman and Parigi 2004; Small et al. 2015).3
It stands to reason that measuring the number of ties becomes increasingly
challenging when moving from close to distant ties (see Gurevich 1961). A
growing body of literature, however, develops methodologies for extended
network size estimates (rather than explaining variation) (Killworth et al. 1998a;
McCarty et al. 2001; McCormick et al. 2010). Earlier measurement strategies
provide a wide range of network size estimates, ranging from 108 (Killworth
et al. 1998a) to 5,520 (Freeman and Thompson 1989). Methods to arrive at
these point-estimates vary: asking respondents whom they knew from randomly
drawn pages from phonebooks (Pool and Kochen 1978); using summation
methods counting how many people respondents indicated they knew from a
list of given relationships (McCarty et al. 2001); or counting the number of
Christmas cards respondents send out (Hill and Dunbar 2003). Discrepancies
in definitions on what constitutes a social tie cause these vast differences.

We thus have little substantive knowledge on who has larger networks beyond
core ties, and it seems difficult to measure extended networks. These issues are
related: methodological issues lead to only few substantive studies. Here, we
advance our understanding pertaining to both issues.

First, we answer a basic but fundamentally substantive question: what
explains individual variation in the extended network size? As Kadushin (2012)
puts it, we “do not as yet have a theory or a systematic study of the causes of
these variations” (p. 72) in network size. Sociological literature mostly focuses
on core networks and often explains its variation through individual preferences
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(McPherston et al. 2001) or broader social structures (Blau 1977; Feld 1981).
Psychological studies show how personality factors (e.g., extraversion) relate
to network size (Selden and Goodie 2018; Assendorpf and Wilpers 1998;
Roberts et al. 2008; Selfhout et al. 2010). Yet, prior work hardly systematically
considers individual variation in the extended network size. Here, we contribute
in particular to sociological work (see Zheng et al. 2006; DiPrete et al. 2011;
Lubbers et al. 2019) that found differences in the extended social network size
by gender, race, income, education, and social foci. We test existing sociological
explanations for the core network size and examine to what extent they apply to
extended networks. Specifically, we elaborate a set of sociological mechanisms
and derive our hypotheses based on those. Note that we do not directly observe
these mechanisms, but assume theoretically that they generate our outcome. We
then confront these hypotheses with our data. Because theories on opportunities,
preferences, and their interplay (Blau 1977; Feld 1981; McPherson, Smith-Lovin,
and Cook 2001) are fundamental in core tie formation, we take these as our
point-of-departure. Hence, we situate these theories in the extended network size
literature. Additionally, we develop a hypothesis on the role of romantic partners,
one that contrasts prior findings on the role of partners in core networks. And
finally, we explore intuitions on differences in network size by education and
gender (see Brashears, Hoagland, and Quintane 2016). As such, we contribute
new evidence on individual variation in extended network size.

Second and uniquely, we use a set of similar covariates for two recent methods
that provide extended network size estimates. The first metric uses recent, state-
of-the-art developments in the “network scale-up method” for a measure of
the extended network size. In this method, respondents are asked via surveys
how many people they know from various subpopulations (Killworth et al.
1998a; Killworth et al. 1998b; Zheng, Salganik, and Gelman 2006; McCormick,
Salganik, and Zheng 2010; DiPrete et al. 2011; Maltiel et al. 2015). One can
then “scale-up” to a population to calculate the network size. Our second metric
considers unobtrusive, behavioral data and measures individuals’ number of
online social media contacts (e.g., Goncalves, Perra, and Vespignani 2011; Kanai
et al. 2012; Pollet, Roberts, and Dunbar 2011; Dunbar et al. 2015; Dunbar
2016).

However, both methods have limitations. It is difficult to put scale-up findings
into a broader context of network sizes when covariates’ correlations with
network sizes are not compared with other measures of this unobserved (and
often ill-defined) concept. Here, we consider the network scale-up estimates’
lack-of-broader-context as an intrinsically valuable feature. We build on work by
Hampton, Sessions Goulet, and Purcell (2011b) and compare two methodologi-
cally distinct but potentially similar concepts (despite likely absolute differences)
within the same set of respondents and using the same covariates. This enables
comparisons of covariates among the two outcomes and explicitly modeling
their differences. Hence, we empirically situate this measurement in discussions
about the extended network size. The key limitation to measuring network size
on social media is that they are selective: both in membership—who becomes
member?—and in privacy—who shows networks online? When some groups
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maintain more privacy online and become members less frequently (Hofstra,
Corten, and Van Tubergen 2016a, 2016b), estimated differences in network
size based on public profiles between groups might become biased. Through
combining detailed survey data with behavioral data from social media, we take
into account sample selections in privacy and membership to attempt to offset
biases in extended network size estimates.

In sum, we contribute new evidence on individual variation in extended
network size and compare two state-of-the-art methods to capture extended
network size. We provide this new evidence based on new, large, and linked
empirical data. We focus on a surprisingly understudied target population in
relation to network sizes: adolescents. Specifically, we link survey data on Dutch
adolescents (N = 5,921)in 2012 (Kalter et al. 2015) to two data sources collected
in 2014: (1) to survey data measuring these respondents’ network size using the
scale-up method and (2) to these respondents’ observed Facebook profiles to
measure their network size online (Hofstra, Corten, and Van Tubergen 2015;
Jaspers and Van Tubergen 2017).

Theory and Hypotheses

At what distance are ties included in the extended network size? Here, we use
a pragmatic definition of extended social networks provided by McCarty et al.
(2001: 29) and DiPrete et al. (2011: 1242). We consider “all the contacts whom
individuals know on a first name basis to be part of the social network, such that
they would have a friendly chat if they were to meet randomly.” Substantively,
this definition relates to the societal outcomes discussed before. These contacts
may grant meaningful connections in terms of knowledge to otherwise unknown
sub-cliques. Methodologically, this definition provides a convenient boundary
for persons recalling their network contacts.

Opportunities and Homophily

Meeting opportunities are key for the genesis of core ties (Blau 1977; Feld 1981).
One dimension of meeting opportunities are foci. A focus is a “social, psycho-
logical, legal, or physical entity around which joint activities are organized” (cf.
Feld 1981: 1016). Typical foci are associations, neighborhoods, work places,
or schools. Those individuals who share a focus will share activities, more so
than individuals who do not share a focus. Sharing these activities facilitates
positive interactions between people and brings them together in reciprocally
rewarding situations (Feld 1981). Hence, sharing a focus increases the likelihood
for (positive) ties to form.

Research suggests that both strong and weak ties are formed in some sort of
focus (Wimmer and Lewis 2010). Many acquaintances are met, for instance, at
associations or at parties among adults (Mollenhorst et al. 2008), on campus
among students (Wimmer and Lewis 2010), at schools among adolescents
(Hofstra et al. 2017), or at work among adults (Zheng et al. 2006). The
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importance of meeting opportunities for tie formation crosscuts target popu-
lations. We use this idea and conjecture that those who engage more often in
socially or recreationally orientated foci have more opportunities to get into
contact and make acquaintances with other people compared to those who do
so less often—i.e., the extended network is a function of the time individuals
spent in foci. We examine five foci to capture adolescents’ social life: going out,
associations, concerts, family, religious meeting places, and potential workplaces.
We hypothesize:

Hypothesis 1: Individuals who spend more time (a) going out, (b) in associa-
tions, (c) visiting concerts, (d) with family, (e) at religious meeting places, and (f)
have a job, bave larger extended social networks.

A substantial body of literature focuses on tie formation and its relation to
social network segregation (Kalmijn, 1998; McPherson et al. 2001; Currarini,
Jackson, and Pin 2010). Besides the role of meeting opportunities, a common
explanation for network formation is homophily (Kalmijn 1998; McPherson
et al. 2001). Results in this line of research are that racial-ethnic segregation in
networks is a ubiquitous feature of social life—often caused by an interplay of
homophily and opportunity (Currarini et al. 2010; Wimmer and Lewis 2010).
Given that racial-ethnic segregation in social networks is pervasive, we argue that
an interplay of homophily and opportunity also relates to the extended network
size.

For clarity, we reserve the term homophily for the preference of individuals
to form relationships to similar others (choice homophily in McPherson et al.’s
[2001] terminology). This follows Wimmer and Lewis’ (2010: 588) suggestion
to use homophily exclusively for the tie-generating mechanism, not the network
outcome.

A second dimension of opportunity—besides foci—is the size of groups
relative to other groups (Blau 1977). Homophily and group size work in tandem
and cause differences in extended network sizes between ethnic minority and
majority members. When people belong to a larger group, they have many
opportunities to select ethnically similar ties, whereas minority members have
fewer possibilities to make such homophilous choices. Ties among ethnically
dissimilar people are costlier and require higher initial investments to overcome
cultural boundaries (Kalmijn 1998). Assuming that there is a limit on the invest-
ments one can make in terms of time or emotional commitment, fewer ties are
formed if the pool of potential alters includes relatively more dissimilar people.
As such, ethnic minorities establish fewer extended network ties compared to
ethnic majority members. Furthermore, established ties—assuming that among
ethnic minority groups ties are more often between dissimilar people—will be
broken more frequently (cf. Smith, Maas, and Van Tubergen 2012).

Approximately 79% of the population are so-called “Dutch majority” mem-
bers in the Netherlands (Statistics Netherlands 2015). Relatively much smaller
groups are ethnic minorities with an immigrant background. Minorities with a
Turkish or Moroccan background, for instance, cover ~6% of the Dutch pop-
ulation. Hence, Dutch majority members—who prefer befriending other Dutch
majority members—have ample possibilities to choose similar ties. Members of
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ethnic minorities have far fewer such opportunities and will therefore have fewer
ties. The group from which they prefer selecting their contacts essentially is much
smaller. The negative opportunity element limits their possibilities to exhibit a
preference for similar others. Hence, relative differences in group sizes will result
in an extended network size that is significantly larger for those people who
belong to a majority ethnic background, than for those whose representation is
smaller. Such an interplay between homophily and group size affects the number
of Twitter connections among students (Halberstam and Knight 2016), and
DiPrete et al. (2011) find that racial minorities have smaller extended social
networks among adults too. Therefore, we hypothesize:

Hypothesis 2: Duich majorities have larger extended social networks than
those from ethnic minority groups.

Differences in the extended network size may also reflect ethnic segregation
of social settings. As foci increase the likelihood of a tie emerging between two
people sharing a focus, this likelihood will be higher when potential contacts
in foci share an ethnic background. This is again based on the conjecture
that individuals prefer befriending others with whom they share an ethnicity
(McPherson et al. 2001). Hence, when there are many others sharing an ethnic
background with in a focus, individuals will more likely form more ties as
they have ample possibilities to make homophilous choices (see Hofstra et al.
[2017] among adolescents). Here, we focus on the school setting as a key focus
of tie formation among adolescents (McPherson et al. 2001). We do not have
information on the ethnic composition of the social foci mentioned before, nor is
adolescents’ school-of-choice completely exogenous. Some of the relative group
size effects may result from nonrandom sorting of adolescents over foci that we
do not address. We do, however, investigate the number of potential alters in
schools and school classes who ethnic backgrounds with the focal adolescent.
We hypothesize:

Hypothesis 3: Individuals who have a greater number of co-ethnic individuals
in (a) their schools and (b) in their school classes will have larger extended social
networks.

Romantic Partners

Previous work suggests that individuals who are in romantic relationships have
fewer strong relationships (Kalmijn 2003; Rozer, Mollenhorst, and Volker 2015).
Features of strong relationships are such that they require time and emotional
investments (Granovetter 1973). “Social withdrawal” after finding a partner
may be related to individuals’ limited resources to maintain core contacts—
people initially have a limited amount of time and emotional capacity to maintain
relationships with close contacts besides romantic partners (Slater 1963; Kalmijn
2003).

This pattern, however, differs for weaker compared to close ties. When
you form a romantic relationship, a partner may introduce you to many new
acquaintances. These new acquaintanceships are cheaper to maintain than strong
ties, and they involve less time and less emotional investment. These new
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acquaintances introduce you to again other people, and so on. This introduces
a bandwagon effect where some people are in a better position to obtain new
contacts compared to others. Romantic partners provide these opportunities to
meet new contacts (when social circles do not entirely overlap), thus contrasting
a “social withdrawal from strong ties” as distal contacts are cheaper to maintain.
Recent results seem to align with such intuitions. Van Tubergen and colleagues
(2016) found that those adults in a romantic relationship had more social
contacts. (Note that those with many social ties may be more likely to enter in
a romantic relationship as well, and that we are unable to identify such reverse
causality.) We hypothesize:

Hypothesis 4: Individuals who indicate being in a romantic relationship have
larger extended social networks than adolescents who are not.

Education and Gender

Research on “cultural omnivores” shows that some groups—those of higher sta-
tus/education—pursue broader ranges of leisure activities than others (Peterson
1992). Some of this discrepancy is attributed to capabilities; some individuals
are simply better capable of managing a broader range and more activities than
others. Hence, some of the variation in the finding that those of high status and
education engage in a broader range of activities is a byproduct of them being
cognitively able to do so. This may be one reason for larger network sizes among
higher-educated individuals—they engage in a wider range of foci and, therefore,
have more opportunities to befriend others than lower-educated individuals. The
set of social foci we addressed before may not completely adjust for this indirect
association.

Additionally, cognitive abilities themselves may be a factor in forming/main-
taining of social ties (Dunbar 1998). Specifically, cognitive abilities facilitate
keeping track and maintaining all of the relationships one has—the better one is
able to do so, the more contacts one has. As such, cognitive capabilities correlate
with the extended network size. If we are to assume that educational attainment
is somewhat correlated with cognitive ability, we could assume that there is
variation in the capacity to maintain and keep into contact with many social
contacts by educational level as well. Both mechanisms lead to our hypothesis:

Hypothesis 5: Individuals in higher educational track levels have larger
extended networks than individuals in lower educational track levels.

Another consistent finding is that women’s social networks differ from men’s.
Women’s networks are generally found to be larger (Moore 1990; Bastani 2007;
Hampton et al., 2011a; Van Tubergen 2014) and include more kin (Marsden
1987; Van Tubergen 2014). A notable exception to this pattern is DiPrete et al.
(2011), who find no gender differences.

There are various mechanisms that may explain gender differences. First,
women might cognitively be better equipped to manage networks than men. One
indication of this is that women appear better capable than men in recalling
contacts (Brashears et al. 2016). This may be a result of circumstances that
shape women such they “develop a relatively greater ability to encode and
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recall social networks” (Brashears et al. 2016: 82). This is consistent with
research showing that those in low power situations have greater knowledge
of their social networks (Simpson et al., 2011), under the assumption that
these circumstances imply lower status, prestige, or power positions of women
compared to men.* Second, men and women may differ in their sociality, may
have different dispositions toward social ties (Brashears et al. 2016), or may
differ in their level of social activities. Each of these mechanisms may explain why
women may have larger extended networks than man. Note that we do not test
these mechanisms directly but explore these intuitions. Hence, we hypothesize:
Hypothesis 6: Girls have larger extended social networks than boys have.

Data

We use data on Dutch adolescents from the “Children of Immigrants Longitudi-
nal Survey in Four European Countries” (CILS4EU) (Kalter et al. 2015). We
use the Dutch data, as our measures of interest are included in that section,
but data were collected in Sweden, Germany, and England too. We use the
second (Nyave2 = 5,921) and fourth (Nyayes = 4,073) waves: the second wave
contains the latest school-level data for the total set of respondents and the
fourth wave measures the network size using the scale-up method and Facebook.
The project followed 14- to 15-year-old adolescents for three years with a one-
year time lag starting in 2010. The Dutch section continued for four more
years as the “Children of Immigrants Longitudinal Survey in the Netherlands”
(CILSNL) (Jaspers and Van Tubergen 2014, 2017). The surveys include many
features such as leisure time activities, personal networks, and so forth. The data
are stratified by the proportion of non-Western immigrants attending schools.
In these strata, schools were selected with a probability proportional to the
school size using the number of students at the relevant educational track
level (further details on sample selection and sensitivity checks can be found
in Supplementary Material A1).

The Dutch Facebook Survey

We link the survey data to unobtrusively collected behavioral data from Face-
book using the Dutch Facebook Survey (DFS; collected June-September 2014)
(Hofstra et al. 2015). The DFS enriches the Dutch part of the CILS4EU and
the CILSNL. Of the 4,864 respondents that indicated Facebook membership in
waves 3 (2012-2013; N = 3,423) or 4 (2013-2014; N = 3,595) of the surveys,
4,473 (92%) were tracked on Facebook. For the respondents who kept a public
friend list, we obtained friend lists (N = 3,373; 75.4% of respondents).’

Data Structure and Sample Selections

We link two waves of survey data with behavioral data from Facebook. The
number of observations is 5,921 for wave 2, 4,073 for wave 4, and 3,373 for the
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Figure 1. Schematic overview of the used data sources.
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DFS (with a public friend list). Respondents keep their friend lists either private
or public on Facebook (Hofstra et al. 2016b). We consider the respondents that
have observable friend lists, as we want to measure their number of Facebook
contacts in these lists. Potentially, we can compare 2,684 respondents’ network
sizes across the number of contacts on Facebook and the network scale-up
measure. This is the number of respondents who participated in wave 4 of
the survey and for whom we can observe their number Facebook contacts.
Deletion of cases with missing values on the outcome variables leads to a set
of 2,546 respondents. This is the number of cases we consider descriptively, and
it captures the Facebook and scale-up network size measured during roughly the
same period.

For our inferential analyses, we account for two types of selectivity: respon-
dent attrition across waves 2 and 4 and selectivity in observable friend lists. We
use Heckman selection models for both our network size measures, adjusting
for respondents’ gender, educational level, and ethnic background (outlined
below) in the selection equations (detailed later on). As inclusion criteria for
the inferential analyses, cases need to have nonmissing values on independent
variables in wave 2 (N = 5,488 out of Ny = 5,921, 7.3% item nonre-
sponse across independent variables). Figure 1 summarizes the data sources
and their observations and Table 1 specifies conditions for inclusion in the
analyses.

Independent Variables

Foci

Each independent variable is measured in wave 2 of the CILS4EU unless stated
otherwise. Respondents were asked how often they spend time in foci. They
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Table 1. Overview of the Used Criteria for Data Inclusion in the Analyses

N
Inclusion criteria for descriptive analyses
Public Facebook friend list + nonmissing network scale-up 2,546
Inclusion criteria for inferential analyses
Nonmissing values independent variables in Wave 2 5,488

could indicate on a five-point scale (1-never, 2-less often, 3-once or several
times a month, 4-once or several times a week, and 5-daily) how often they
go out (bars/nightclub/etc.), spend time in associations (sport/music/etc.), visit
concerts or DJs, spend time with family, and visit religious meeting places.
Hence, we consider these five variables showing the time respondents spend in
these foci. Additionally, respondents indicated whether they had a part-time job
(yes/no).

Ethnic Background

We categorize respondents into ethnic background groups according to the
country of birth of their biological parents, which is standard practice in
scholarship on Dutch ethnic groups. When adolescents have one Dutch-born
parent, they are categorized in the ethnic category of the parent not born in
the Netherlands. When respondents have parents born in different non-Dutch
countries, they are categorized in the mother’s birth country. This categorization
is regularly applied and used by Statistics Netherlands (2012). We categorize
respondents into “Dutch ethnic majority” and “Ethnic minority” categories in
line with Hypothesis 2 that contrasts these two groups (and because of few
observations if we split into smaller groups). The “Ethnic minority” category
includes adolescents of all non-Dutch ethnic origins (e.g., Dutch Caribbean,
German, or Turkish youth).

Number of Co-ethnic in Class

We measured the number of students in a class who share ethnic backgrounds
with respondents: the number of Dutch majority members for those of the Dutch
ethnic majority, the number of Turkish origin for those of the Turkish ethnic
minority, etc. We did use detailed categories for the “Other” ethnic background.
For instance, we counted the number of Dutch Caribbean in a class for those of
Dutch Caribbean ethnic background.

Number of Co-ethnic in School

Similarly, we calculated the number of schoolmates who share an ethnic back-
ground with the respondent (excluding classmates to separate effects of class-
mates from schoolmates). This variable was measured from secondary data
obtained from the Dutch inspectorate of Education.
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Table 2. Descriptive Statistics for the Independent Variables (N = 5,488)

Min. Max. Mean SD

Foci (H1)

Going out 1 S 2.761 0.916

Associations 1 S 3.339 1.256

Concerts 1 S 1.932 0.762

Family 1 5 3.176 0.830

Religious meeting places 1 S 1.659 1.019

Job 0 1 0.563 -
Similarity of potential contacts
(H2 + H3)

Ethnic minority 0 1 0.294 -

Number co-ethnic class 0 28 12.451 7.869

Number co-ethnic school 0 2300 688.252 625.294
Romantic Partner (H4) 0 1 0.253 -
Educational track level (HS)

Vocational 0 1 0.537 -

Senior general 0 1 0.255 -

University preparatory 0 1 0.208 -
Girls (H6) 0 1 0.510 -

Source: Survey data from the CILS4EU wave 2.

Romantic Partner

We measure whether the respondent indicated being in a romantic relationship
(ves/mo: “Do you have a boyfriend/girlfriend?”).

Educational Track-Level

When Dutch adolescents transition to high school, they are placed in different
educational tracks that differ in their type of education and level. We measured
this categorization with an ordinal variable: 1-preparatory vocational education
(Dutch: VMBO), 2-senior general (Dutch: HAVO), and 3-university preparatory
education (Dutch: VWO).

Gender

We measure whether respondents indicated being a girl (1) or boy (0). Table 2
reports the descriptive statistics of the independent variables.

Confounding Factors

New or les-frequent Facebook users’ number of contacts on Facebook is more
remote from their overall number of connections compared to more-experienced
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and more-frequent Facebook users. Therefore, we control for whether or not
respondents were an early Facebook adopter in the Netherlands using a prede-
fined classification—i.e., pre-2010 members were early adopters (Hofstra et al.
2016a)—and for the number of hours respondents spend each day on Facebook.
The number of Facebook contracts is correlated with membership duration
(r =.268; p < .001; Median = 2010) and with the amount of hours spent on
Facebook per day (r = .154; p < .001; five categories, Median = 1 h or less).
To help guide respondents and to reduce lack-of-response errors, the question
for time spent on Facebook was asked using interval-censoring (“How much
time per day do you spend on Facebook?”: 1: <1 h to 5: >4 h). We categorize
Facebook membership duration in years into two categories instead of keeping
yearly categories to ensure large enough sample size in each cell (only seventy-five
respondents became Facebook members in 2005-2007). Such early adoption of
Facebook comes from the DFS, and the amount of hours spent on Facebook each
day originates from wave 4 of the CILSNL. To maintain our sample size of 5,488
of nonmissing cases in wave 2, we include categories for respondents that did not
participate in wave 2. Finally, we account for respondent’s age in months—either
when the Facebook (Mean = 223.708; SD = 7.633) or when the scale-up data
(Mean = 218.905; SD = 7.815) were collected—because recent work suggests
network sizes vary by age (Lubbers et al. 2019). Figure 2 depicts correlations
between our covariates.

Measuring the Extended Social Network Size

The Number of Contacts on Facebook

On Facebook, members send/receive friendship invitations to/from others who
accept/decline the invitation. When accepted, a Facebook tie within people’s
friend list shows an undirected, reciprocated friendship between two users.
Using the DFS, we measure the number of contacts respondents have in their
Facebook friend lists as the nefwork size on Facebook. Note that this metric
does not (nor do we intend to) distinguish between close friends or distal
acquaintances. Yet, most empirical research suggests that Facebook contacts
started out as and are likely meaningful, offline ties that may be categorized
under our definition of extended network ties. Only .4% of online friendships are
online-only among US college students (Mayer and Puller 2008), that primarily
use online networks to strengthen and maintain their offline relationships
(Ellison, Steinfield, and Lampe 2011) and befriend others on Facebook when
they meet in offline foci (Wimmer and Lewis 2010; Hofstra et al. 2017).
Additionally, about 80% of adolescents use online networks to maintain offline
contacts (Subrahmanyam et al. 2008), and 77% of adolescents’ online ties was
formed offline (Van Zalk et al. 2014). Danish students consistently meet a
large fraction of their Facebook friends offline (Sapiezynski et al. 2018) and
US adults are overwhelmingly Facebook friends offline contacts (Duggan et al.
2015).
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Figure 2. Correlations between covariates (xp < .05; xxp < .0T;x*xp < .001).
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The Network Scale-Up Method

The network scale-up method (Killworth et al. 1998a; Killworth et al. 1998b)
uses surveys to estimate individuals’ extended social network size (McCormick
et al. 2010). The method was developed to provide estimates of hard-to-
reach populations (e.g., estimating the seroprevalence of HIV in a given target
population). The method works as follows. Consider a population of size N. To
estimate network size, one can ask respondents the number # randomly chosen
members of the population they know. However, the larger the N is, the lower
the likelihood that two randomly drawn persons know one another.

The network scale-up method circumvents this issue and asks individuals
whether they know an entire set of people simultaneously. For instance, it asks
“How many people do you know that are named Thomas?” instead of asking
which of the ~40,000 people they know in the Netherlands are named Thomas
(Meertens Institute 2016). When respondents then indicates that they know two
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people named Thomas, one can estimate the total network size by assuming they
(a) know 2/40,0000 of the entire population of persons named Thomas and (b)
that this same proportion equally applies to the entire population (~17 million
in the Netherlands),

2
The estimate’s precision increases by averaging responses to different subpop-
ulations (such as detainees). This yields the basic scale-up estimator:

K
Zk:1 Yik
K

x N, (2)
2 k=1 Nk

Scale—up degree; =

where y;;, is the number of people person i knows in subcategory k, Ny is
the size of subcategory k, and N is the size of the population (cf. McCormick
et al. 2010). Generally, the subpopulations that are prompted to respondents are
occasionally referred to as “How many X’s do you know?”, where the X’s refer
to subpopulations.®

The CILSNL implementation shows respondents the following statement
(translated from Dutch):

The next questions are about all the people you “know personally in the
Netherlands.” By knowing personally, we mean that you know the name of that
person and that you would have a chat if you were to meet him or her on the
street or in a shop.

This implies reciprocal relationships, which makes it suitable for compar-
isons with the number of reciprocal contacts on Facebook. Respondents were
prompted to recall contacts they know personally in the Netherlands. This
phrasing is crucial as it allows to scale-up adolescents’ recalled ties to the Dutch
population and conveniently prevents two issues. First, many adolescents of
immigrant background have transnational ties (Schimmer and Van Tubergen
2014) and, second, adolescents living close to national borders (e.g., Germany)
may have many social ties across borders. Our statement thus prevents recalled
contacts that we are unaware of and are unable to scale-up to because of
unknown reference groups. Additionally, contacts in the Netherlands relate to
“meaningful acquaintances” that provide help, support, and information in the
national context. Our approach defines a clear and substantive boundary for our
respondents, and one that is convenient methodologically.

Respondents indicated for fifteen populations how many contacts they had.
Respondents were prompted with five names (Thomas, Kevin, Anne, Melissa,
and Moham(m)ed) on the question “How many people do you know personally
with the following name?” Response categories fell within the numerical ranges
of 0, 1, 2-5, 6-10, 11-20, 21-50, or >50. To ease the answering process for

G20z AP 0g uo Jasn usBaWIIN NBYSISAIUN Pnoapey Ad 81GEZ8G/7/Z 1L/E/66/2101HE/JS/W0d"dNo"0ILEPEOE)/:SARY W) PEPEOUMOQ



1288 | Social Forces 99(3)

respondents and to reduce lack-of-response errors, the questions were asked
using interval-censoring. This same strategy was used by DiPrete et al. (2011:
1251). We follow their strategy and take midpoints of the intervals. Following the
strategy of Lubbers et al. (2019: 60), we take the value 11 as the largest number
even when respondents indicate to know more individuals with a given name.
This is to reduce recall errors that have been shown to grow significantly when
respondents indicate to know many people in subpopulations. The typically
Dutch names (first four) represent names of male and female genders from
parents with either a higher or lower status background: Anne (girl, high status),
Melissa (girl, low status), Thomas (boy, high status), and Kevin (boy, low status)
(see Bloothooft and Onland 2011: 34). The fifth name represents the two
most-prevalent versions in the Netherlands of the typical Islamic boy name
Muhammed: Moham(m)ed (Meertens Instituut 2016). Including these different
names will help mitigate the possibility that individuals from different societal
strata, genders, and ethnicities know more or less of the prompted X’s. Using the
same interval-censoring, respondents indicated how many contacts they knew
living in five medium-to-large cities in the Netherlands distributed equally among
geographical regions (Groningen [north], Utrecht [center]|, Maastricht [south],
Den Haag [south-west], Zwolle [north-center]). Three further questions noted
how many contacts respondents had that were currently enrolled in one of three
distinct levels of tertiary education in the Netherlands (MBO [tertiary lower-
vocational], HBO [tertiary higher-vocational], University), again attempting
to increase precision by prompting respondents to estimate their number of
contacts across distinct Dutch educational strata. We take midpoints, and given
that it is likely to know many individuals in any of these cities, or in any of the
educational levels, we take fifty-one as the largest number. Finally, respondents
indicated how many people they knew that were arrested in the last 12 months
by the police or that were in jail. For the same reason as for the first names, we
use midpoints and take eleven as the largest value (group population numbers
in Supplementary Material A2).

Bayesian Estimation Using the Scale-Up Module.- Through our selection of
X’s we attempt to mitigate that some groups may know more people within
specific subpopulations than other groups. This well-known issue is referred to
as barrier effects (see Zheng et al. 2006; McCormick et al. 2010; DiPrete et al.
2011; Maltiel et al. 2015). We mitigate some of these barrier effects by carefully
selecting a set of prompts that crosscut social strata and through sampling from
one cohort of adolescents (i.e., lower age heterogeneity in reporting of known
individuals). Yet, this phenomenon may still bias the basic scale-up estimator
(Equation (2)). A second issue with the basic scale-up estimator is transmission
errors: respondents may not always be perfectly aware of alter characteristics
(e.g., whether a network contact lives in a given city).

Maltiel et al. (2015) propose to use Bayesian methods using Markov Chain
Monte Carlo (MCMC) algorithms as an attempt to mitigate barrier effects and
transmission errors. We follow their approach, and adjust the basic estimator
in three ways. We allow for (1) a random effect for degree to regularize the
estimates and reduce extreme value sensitivity, (2) the probability that a person
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i knows someone in group k to vary randomly (instead of it being fixed) across
individuals (accounting for barrier effects), and (3) a multiplier to the binomial
proportion of people known in a subpopulation (accounting for transmission
errors). For mathematical details, we refer to Maltiel et al. (2015: 1251) (model
summary in Supplementary Material A3). We use the “NSUM” R package
(Maltiel and Baraff 2015). For model priors, we follow Maltiel et al. (2015) and
calculate starting-point parameters with the basic scale-up estimator, yielding a
mean degree, a standard error (see Endnote 6), and an individual-level degree.
We run 40,000 iterations of the MCMC algorithm (using closed-form Gibbs
sampling), retain 4,000 of the chains, and calculate the average network size
over these.

Ideally, we would directly fit a model of network size. Yet, available procedures
require us to estimate the size of a hidden population even though we are aware
of all fifteen population sizes in our module. To circumvent the limitations in
the available methods and because we do not want to arbitrarily select one, we
run the estimation process fifteen times. In each trial, we hold out one of the
fifteen populations as the unknown one and run our inferential tests on each of
the fifteen generated network sizes. Results are similar across all trials and the
fifteen generated network sizes correlate ~.95. Given that the trials yield similar
results, we select the trial with the “number of people known in prison” as the
unknown one to present as the main analyses in this paper. Finally, we ran the
Bayesian estimation process ten times where in each trial we randomly remove
two of the fifteen populations to find out whether results are sensitive to different
subset of prompts. Here too, results are mostly consistent to those presented.

Results

How Large Are Extended Social Networks?

We first describe the obtained extended network sizes, then test our hypotheses,
and finally consider differences between our two metrics. Table 3 compares
the scale-up and Facebook network size. The median extended scale-up social
network size is approximately 892, compared to a median number of Face-
book contacts of approximately 351 and they correlate moderately (r = .314;
p < .001). The scaling factor from the Facebook to the scale-up network size is
2.54, which approximates the 2.83 found by Hampton et al. (2011b). Figure 3
depicts density distributions for both metrics, resembling DiPrete et al.” (2011:
1254) plot of the number of acquaintances among Americans. The median
network size of 892 of the scale-up method is substantially higher compared
to that of estimates using similar methods. Prior estimates of extended network
sizes using the scale-up method are in the range of 472-610 (Zheng et al. 2006;
McCormick et al. 2010; DiPrete et al. 2011; Lubbers et al. 2019). Perhaps this
is because our sample exclusively includes young adults (18-19 year olds) that
might be more socially active across wider arrays of foci compared to adults.
Findings using early behavioral data from before 2009—from the microblogging
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Table 3. Descriptive Statistics on the Extended Social Networks (N = 2,546)?

25%" 50%  75%  Mean SD/SE
Number of contacts on Facebook 236 351 491 381.710 206.710
Scale-up estimator (Bayesian) 630.985 892.744 1295.287 980.387  529.244

@Numbers are based on observations for respondents who maintained public Facebook profiles
as well as who completed the network scale-up questions.

bThese statistics are the twenty-fifth percentile, median, and seventy-fifth percentile of these
variables in these data.

Figure 3. Density distributions for the extended social network size using the scale-up method
and the number of Facebook friends (N = 2,546).
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website Twitter or from Facebook—show an average number of social media
contacts of 180-200. As these platforms grew more popular, the number of
contacts grew accordingly. Our average Facebook network size (~371) is on
par with that of recent work, ~420 by Tulin, Pollet, and Lehmann-Willenbrock
(2018).

Who Has Larger Extended Networks?

We use Heckman selection models to test our hypotheses (Heckman 1979).
Formally, this takes the following form. The linear regression equation is

yji = Bo+ B1X;+ -+ BpX; + e1j, (3)
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where Bp represents a constant, $1X; + --- + B, X, represents a vector
of independent variables, and &i; represents the error term. The selection
equation is

Y +e >0, (4)

where the errors terms of both equations are allowed to correlate,

cor (&1, £2j) = p. (5)

In regression Equation (3), we regress both network sizes on our covariates. We
adjust for ethnic background, gender, and educational track level in selection
Equation (4). We cluster-correct standard errors for adolescents’ school cluster in
wave 2 (to adjust for similarities between students in the same school), but results
do not vary by using robust, noncorrected, or cluster-corrected standard errors.
Selection (yes/no) means “surviving” from the second wave of the survey to being
observed with a network size on (1) Facebook and (2) on the scale-up metric.
We use Full-Information Maximum-Likelihood estimation. Heckman selection
models produce regression weights that are corrected for selection effects. It also
produces a correlation between the errors of both equations. These correlations
are .959 (Facebook) and .981 (scale-up). A Wald test of independent equations
for both outcomes shows that p # 0 (p < .001). Ethnic minorities (Facebook,
scale-up), boys (scale-up), and lower educated (scale-up) are indeed less likely
to be observed (see Supplementary Material AS). These results imply outcome
selectivity and justify our modeling strategy. It also implies downward/upward
biased estimates for some groups if we do not model this selectivity. A classic
example of describing such patterns is men who do not work are likely to have
low salaries if they would work. Hence, observed wages of working men are
biased upward. We see a similar pattern here: ethnic minorities (or boys, or
lower educated) who are less likely to be observed have lower network sizes.
Not modeling that upwardly biases observed minorities’ (or boys’, or of lower
educated) network size.

Because the distributions of both outcomes are not unusually skewed (Skew-
ness Facebook = 1.172; Skewness Scale-up = 1.778), to allow for intuitive inter-
pretation of coefficients, and following DiPrete et al. (2011), we use linear regres-
sions in the substantive Heckman equation (see Supplementary Material A4 for
uncorrected results and Supplementary Material AS for selection coefficients).
Table 4 depicts the results of these analyses.

Opportunities and Homophily

As depicted in Table 4, adolescents who spend more time going out, in asso-
ciations, and going to concerts (all at least p < .05) have a larger number of
contacts both on Facebook and in the scale-up measure. The magnitude of
these correlations are substantial. Specifically, a one-unit increase (e.g., from
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once a month to once a week) in going out, visiting associations, or going
to concerts, adolescents gain approximately forty-six, seventeen, and twelve
Facebook contacts, respectively. A one-unit increase in these same foci increases
the number of contacts in the scale-up network with fifty-seven, twenty-three,
and twenty-nine, respectively. Additionally, having a part-time job positively
relates to the number of contacts on Facebook (p < .001), and going to
religious meeting places more often positively relates to the scale-up network size
(p < .05). These findings are mostly consistent with Hypothesis 1. Particularly
leisure-orientated social foci relate to both outcomes, whereas Facebook ties
relate to having a part-time job and people spending more time in religious
places have larger scale-up network sizes. The latter finding is consistent with
church attendance that positively relates to scale-up network sizes among US
adults (DiPrete et al. 2011).

We also find evidence in support of our conjecture that Dutch majority
members have larger social networks than ethnic minority members (H2).
Specifically, ethnic minorities have 100 (Facebook) and 125 (scale-up) contacts
less than Dutch majority members (p < .01).

We find moderate-to-no evidence for the conjecture that having more co-
ethnic classmates (a) and schoolmates (b) positively relates to the extended
network size (H3). When respondents have more co-ethnic classmates, their
number of Facebook contacts is higher (p < .05).

Romantic Partners

We find that those who are in a romantic relationship have a larger extended
network size on Facebook (H4). Those in a romantic relationship have approx-
imately 30 Facebook contacts more than those we are not in a romantic
relationship. We find no statistically significant relation between the scale-up
extended network size and having a romantic partner.

Education and Gender

Those in higher educational tracks have larger networks compared to those in
the lowest track in the scale-up measure of network size. Specifically, adolescents
in the vocational educational track have approximately 122-130 contacts less
compared to those in the Senior general or in the University preparatory track
(both p-values <.01) as measured via the scale-up method. Overall, this is
evidence in support of our conjecture that individuals in higher educational track
levels have larger extended networks than those in lower educational track levels
(HS5), but only so among the scale-up network size.

The results suggest that girls have larger extended networks than boys, based
on both on Facebook and in the scale-up measure, consistent with our intuition
(H6). Specifically, girls seem to have approximately 31 (Facebook) and 144
(scale-up) contacts more than boys have (both p < .001).
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Confounding Factors

We observe that early rather than late adopters of Facebook (<2010) and those
who spend more time on Facebook have larger numbers of Facebook, consistent
with our intuitions. Additionally, those adolescents who are younger have more
Facebook contacts, consistent with prior findings (Lubbers et al. 2019).

Facebook Vis-a-Vis Scale-up

Next, we compare how our covariates relate to differences in the two metrics.
The analyses presented in Table 5 regresses the difference between the Facebook
and Scale-up network size (Facebook—Scale-up) on our covariates. Essentially,
we show for which individuals the Facebook network size is closer to the scale-
up network size. We present the Heckman selection model for parsimony, but an
uncorrected, linear regression model provides similar results (o0 # 0 cannot be
rejected). Some findings stand out compared to others. Specifically, the Facebook
network size is closer to the size of the scale-up method for those with a part-
time job (p < .035), girls (p < .001), those in higher educational tracks (p < .01),
and early Facebook adopters (p < .001).

Conclusions

Social contacts lend support (Lubbers et al. 2019), advice (McPherson et al.
2006), and grant resourceful connections to unknown groups (Granovetter
1973). There are only few substantive papers on individual variation (see DiPrete
et al. 2011; Lubbers et al. 2019) in the number of ties beyond the closest ones.
We set out to address this and answered two questions. What explains individual
variation in the extended network size? And can we provide some insight into
the number of Facebook ties vis-a-vis the scale-up network size? Using large-
scale data on thousands of Dutch adolescents and linking it to behavioral data
from an online network, we answered these questions and contributed to recent
work on variation in extended network sizes (DiPrete et al. 2011; Lubbers et al.
2019).

How large are extended social networks in our sample? We found a median of
351 Facebook contacts, whereas the median extended social network size using
the scale-up method was 892. Our estimation of the scale-up network size is
substantially higher compared to prior work using the scale-up method among
adults, showing extended network sizes in the range of 472—-610 (Zheng et al.
2006; McCormick et al. 2010; DiPrete et al. 2011; Lubbers et al. 2019). This
discrepancy is perhaps due to our adolescent sample that may be more socially
active. The scaling factor of the number of Facebook contacts to the network
scale-up network size (2.54) approximates that by Hampton et al. (2011b)
(2.83).

Beyond point estimates, however, investigating individual variation in net-
work size provides insight into societal integration and group differences. So
which adolescents have larger extended social networks? We turned to literature
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on tie-generating mechanisms among core ties (Blau 1977; Feld 1981). Consis-
tent with fundamental prior work, we hypothesized and corroborated that those
who spend more time in foci have larger extended networks, particularly with
respect to social activities such as sporting associations or going out. We reaffirm
the relevance of theories on participation in social space on the genesis of social
ties among acquaintances.

In addition, we expected and found that adolescents who are ethnic minority
members had smaller networks than those with Dutch backgrounds, consistent
with prior work on adult racial minorities in the United States (DiPrete et al.
2011). Ethnic minorities seem to draw fewer rather than dissimilar ties from the
opportunity set in their extended social networks. By and large, theories on the
interplay between opportunities and homophily are central to explain the core
as well as the extended network size.

Adolescents in a romantic relationship (only on Facebook), higher educated,
and girls have larger network sizes than their counterparts, consistent with our
hypotheses and previous work on adults (Van Tubergen et al. 2016). Differ-
ences in recall abilities or social activities may explain gender and educational
differences in extended network sizes.

Finally, we identified differences between the scale-up and Facebook network
size. Perhaps the two network sizes capture two distinct network layers in
Dunbar’s sense given their absolute difference (Dunbar et al. 2015) and some
individuals’ network layers overlap more than those of others. Girls, higher
educated, those with a part-time job, and earlier Facebook adopters have
network layers that are less distal. Some post boc intuitions may substantiate
these findings. Some factors (jobs, being on Facebook longer) may cause a larger
part of the most-outer network layer (scale-up) to be considered important
enough to be accumulated as Facebook contacts. Additionally, some groups
(higher educated and girls) may find it important to have a larger part of that
outer layer as Facebook contacts.

Several limitations to this study merit acknowledgement. First, data on a more-
general target population would be beneficial. As of yet, however, we do not
know of data that combine surveys—including a scale-up measurement—and
data from online networks. Here, we tentatively assume that some network
generation processes are equivalent between adults and adolescents. This may
be reasonable, because our theoretical mechanisms are general in nature and
not limited to either adult or adolescent populations. Because of this assumed
equivalence, we view this study as a step between the few systematic studies
on measuring and explaining the extended network size and future studies
considering more-general target populations. Additionally, using a different
set of scale-up prompts—for instance using Dutch names prevalent in older
subpopulations—may decrease point estimates of the scale-up network size in
our sample of youngsters (they know less of these X’s).

Second, point estimates of the scale-up network size among adolescents
were higher compared to those found among adult samples. Our conjec-
ture is that this discrepancy exists because adolescents are more socially
active than adults. Yet, because there are few studies that employ scale-up
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methods among adolescents it is challenging to compare our estimate to
an adolescents baseline estimate. Our high point estimate may result from
some unknown issue with using scale-up modules among adolescents. In
this study, we focused on variation in extended social network sizes. Even
when an unforeseen scale-up/adolescent issue artificially alters our point
estimate among adolescents, the variation between adolescents may persist
qualitatively without that inflation. We commend future research into this
issue.

Third, we have no longitudinal network data to model (potentially) causal
relations or to unravel micromechanisms for the genesis of social ties. We
commend future work that gathers multiple waves of behavioral data on the
number of contacts on Facebook to study such processes more directly and is
able to unravel explicit rather than implicit mechanisms; for instance, through
gathering Facebook networks of adolescents and then applying exponential
random graph modeling techniques (e.g., Wimmer and Lewis 2010).

Fourth, limiting scale-up contacts exclusively to persons “known in the
Netherlands” ignores transnational ties. However, our approach considers the
“meaningful acquaintances” in the national context and it is methodologically
imperative to have a reference population. Future endeavors could include scale-
up questions where in each subsequent set respondents have to recall contacts
in increasingly wider geographical regions: neighborhood, city, focal country,
neighboring countries, and so forth. One can then compare size estimates across
regions to pinpoint how they vary.

Fifth, a growing body of literature studies personality factors (extraversion/a-
greeableness) and network size (Selden and Goodie 2018). Our data did not
include questions on such factors, even though engagement in social foci may be
exogenous to them. We commend future research on both a range of social foci
and personality factors to disentangle their correlations with extended network
sizes.

Finally, we mostly tested existing explanations for the number of core contacts
in the context of extended social network sizes. Future research could identify
unique explanations to the extended social network size that do not apply to
core networks, or vice versa. One such endeavor could be to gather information
about core and extended networks. One can then investigate which covariates
relate to the core and not the extended network size.

Notes

1. Increases in social isolation in McPherson et al. (2006) are debated and
refuted (McPherson, Smith-Lovin, and Brashears 2009; Fischer 2009; Paik
and Sanchagrin 2013).

2. 150 is the maximum number of stable relationships humans are argued to
be able to manage (Dunbar 1998; Kanai et al. 2012)—coined “Dunbar’s
Number.” There is high variation among point estimates of the distinct
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network layers (35, 15, etc.); Pollet et al. (2011) find that the support group
size (mean = 7) ranges from 0 to 25.

3. People vary in what they consider important discussion topics (Bearman
and Parigi 2004). The use of core discussion ties to measure strong ties is
contested. Small et al. (2013, 2015) demonstrate that discussion partners are
knowledgeable on the discussion topic or readily available in social contexts,
but these persons are not always strong ties.

4. Hypotheses 5 and 6 may contradict when education is considered a pow-
er/status characteristic. Among teenagers power dynamics surrounding gen-
der are experienced early and immediately matter during upbringing/ado-
lescence. Educational strata, in contrast, only recently started to play a
role among these adolescents. Moreover, status among adolescents might
be higher among those in lower educational tracks. Hence, status/power
differences along educational lines plays a role later in life and differently
compared to gender.

5. The collection and use of the DFS was approved by an ethical review board
for the social and behavioral sciences.

6. The standard error for the basic scale-up estimator is (McCormick et al.
2010: 60):

13K Ny/N
zf:l Nk/N

SE (Scale—up degree;) = \/Scale—up degree; x
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