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Abstract

Using data from the 2006 General Social Survey, we compare levels of segregation by race

and along other dimensions of potential social cleavage in the contemporary United States.

Americans are not as isolated as the most extreme recent estimates suggest. However, hopes

that “bridging” social capital is more common in broader acquaintanceship networks than in

core networks are not supported by the GSS data. Instead, theentire acquaintanceship network

is perceived by Americans to be about as segregated as the much smaller network of close

ties. People do not always know the religiosity, political ideology, family behaviors, or so-

cioeconomic status of their acquaintances, but perceived social divisions on these dimensions

are high and in some cases rival the extent of racial segregation in acquaintanceship networks.

The major challenge to social integration today comes less from the risk of social isolation

than from the tendency of many Americans to isolate themselves from others who differ on

race, political ideology, level of religiosity, and other salient aspects of social identity.



Introduction

Scholars have long recognized that Americans are socially divided along multiple dimensions. It

is generally believed that social interaction is most highly segregated along racial lines, but other

forms of segregation have received increased attention in the past decade. Skocpol and Fiorina

(1999), for example, contend that patterns of civic engagement have become more polarized by

class, while Evans (2003) and Rosenthal (2004) argue that Americans have become more polar-

ized by political ideology. Political conflict between proponents of secular and religiously orthodox

values has been especially prominent since the Reagan presidency (Green, 1996; Brooks, 2002).

Coupled with this concern about high levels of segregation and polarization in contemporary Amer-

ican society is new evidence that close ties even to people like oneself have diminished in the past

twenty years (McPherson et al., 2006).

Given the level of interest in the topic of social integration, it is remarkable how little hard

evidence we have about the extent to which Americans have contact with people who differ from

themselves on core status and values dimensions. Most studies use indirect measures, or focus

exclusively on friendships, the people that one discussed important matters with, or other opera-

tionalizations for the set of people to whom one has strong ties. Little is known about how religion,

political ideology, or social class structure the broader acquaintanceship networks of Americans.

In light of the huge number of studies that focus on residential segregation, it is ironic but true that

the same can be said about racial segregation in acquaintanceships. As a consequence, we do not

know whether religion, class, or political ideology rival race in shaping everyday patterns of social

interaction. We do not know whether Americans have more integrated social networks at their

workplace and in voluntary associations than they do in their families or neighborhoods. These

questions are the focus of much speculation, but there is little firm knowledge about their answers.

Using data from the 2006 GSS, we compare levels of segregation by race and across the princi-

pal dimensions of potential social cleavage in contemporary America. We study both the relatively
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small networks based on trust relationships and the much larger acquaintanceship networks of

Americans in order to answer three major questions. First, how socially connected are Americans?

Second, to what extent do these connections cross social boundaries defined by race, socioeco-

nomic markers, political ideology, and religiosity? Third, is the expected high level of homophily

in core networks offset by greater diversity in the larger group of people that count as acquain-

tances? Our answers to these questions offer a mix of reassurance and concern to those who value

social integration. We find that Americans are not as isolated as suggested by recent estimates ob-

tained from the 2004 GSS (McPherson et al., 2006). However, hopes that “bridging” social capital

is more common in broader acquaintanceship networks than incore networks are not supported

by the 2006 GSS data. Instead, the entire acquaintanceship network appears to be about as segre-

gated as the much smaller network of close ties. We find that social divisions based on religiosity,

political ideology, family behaviors, and socioeconomic standing are high and in some cases rival

racial segregation in their intensity. Social polarization rather than social isolation appears to be

the greater impediment to social integration in the U.S. today. Our most positive result is the sur-

prising integrative role of the family. The growing heterogeneity of American families, coupled

with the difficulty of hiding potentially objectionable statuses from other family members, appear

to produce family-based social networks that are less segregated on a number of dimensions than

are networks based on workplace, neighborhood, or voluntary associations.

Social Integration and Interpersonal Association

It has long been known that people prefer to associate with others who are similar to themselves,

which produces segregation in people’s social networks along a variety of core demographic sta-

tuses, including race/ethnicity, age, education and income (Billy et al., 1984; Coleman, 1961; Blau,

1977; McPherson and Smith-Lovin, 1987; McPherson et al., 2001). The homophily principle is so

powerful that its existence is taken as a given in the social capital literature. Two other issues, how-

ever, are considered to be highly problematic in the contemporary U.S., and arise from the recent
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and growing literature on social integration in modern Western societies. One issue concerns ab-

solute levels of social isolation, i.e, the quantitative extent to which people are socially connected

to others, including with people like themselves. The second issue concerns relative isolation, i.e.

the extent to which people–despite their tendencies towardhomophily– have sufficient ties with

people who are different from themselves to be exposed in a meaningful sense to a broad spectrum

of attitudes, beliefs, and opinions.

Social isolation is theoretically linked in the contemporary literature to the issue of social in-

clusion or exclusion, which especially in the European context has been closely tied to concerns

about social inequality and poverty. Social inclusion is defined by the European Social Fund as the

ability “to participate fully in economic, social and cultural life and to enjoy a standard of living

and well-being that is considered normal in the society in which they live” (Council of the Euro-

pean Union, 2004). People are included in the “life of the community” (Sen 1992, p. 39) through

their social capital as well as through consumption of goodsand services made possible by an

adequate income. From this characteristically European perspective, social inclusion or exclusion

has both a material aspect, which affects standard of living, and a social aspect, which affects level

of integration into the broader society. Each of these aspects, moreover, can be conceptualized at

the level of the individual or of social groups, and becomes ameasure of the level of integration

and inequality for the society as a whole.

The American discussion similarly addresses both materialand social dimensions. Some of

this literature follows Bourdieu (1980) and Coleman (1988)in placing primary emphasis on social

capital as an individual-level resource in arenas such as educational attainment, labor markets,

business, and politics. Other scholars, notably Putnam (Putnam, 1993, 1996, 2000) and Portes

(Portes and Sensenbrenner, 1993; Portes, 1998; Portes, 2000) stress the macro-level characteristics

of social capital. Portes has placed primary emphasis on homophilous social capital, particularly

within the context of ethnic communities, which he refers toas “bounded solidarity” (Portes, 1998),

and which corresponds to what Gittell and Vidal (1998) referto as “bonding” social capital. As

Portes (1998) and Waldinger (1995) have argued, bounded solidarity can be a resource for an
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immigrant community, but it also can be a source of deprivation when practiced by more privileged

groups (e.g. white ethnic workers in the construction trades) to exclude new ethnic groups from

jobs.

Contrasting to “bounded solidarity” or “bonding” social capital is what Gittell and Vidal (1998)

called “bridging” social capital, which concerns extra-community ties, and which fosters integra-

tion in the larger society through heightened levels of trust (Woolcock, 1998; Fukuyama, 1995;

Gambetta, 1988; Putnam, 2000). When trust is low, social isolation is high. High in-group trust

(high “bonding” social capital) but low out-group trust (low “bridging” social capital) “bolsters

narrow identities” and “may create strong out-group antagonism” according to Putnam (p. 23).

In contrast, “bridging” social capital involves connections that “are outward looking and encom-

pass people across diverse social cleavages” (Putnam, 2000). The combination of “bonding” and

“bridging” social capital arguably correspond to the condition of “generalized trust” (Putnam,

2000) where one thinks that “people in general can be trusted” because one actually has expe-

rience interacting with people who are both similar to and different from oneself (Paxton, 2007).

Prominent scholars claim to have found dis-integrationisttrends in American patterns of asso-

ciation. Putnam (2000) provided numerous sources of evidence for declining civic engagement,

and concluded his book by arguing that “the evidence from ourinquiry shows that this longing

is not simply nostalgia or ’false consciousness.’ Americans are right that the bonds of our com-

munities have withered, and we are right to fear that this transformation has very real costs” (p.

402). Skocpol and Fiorina (1999) reached somewhat similar conclusions, namely that Americans

were increasingly detached from the kinds of cross-class membership organizations that had once

defined the landscape of voluntary association in America, to be replaced by nominal member-

ships (what Putnam called “mailing list” memberships) thatwere primarily defined by the paying

of dues rather than actual social interaction.1

Other forms of evidence paint a mixed picture. Residential segregation between blacks and

whites declined between 1970 and 2000 though not to a large extent and not uniformly, while

Asian and Hispanic residential segregation has slightly increased (Massey and Denton, 1993; Ice-
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land et al., 2002; Frey and Myers, 2005). Families have become more heterogeneous, and inter-

racial marriages in particular have increased though remain relatively rare (Ellwood and Jencks,

2004; Gullickson, 2006). Meanwhile, abundant evidence hasemerged concerning the growing

correlation of statuses in American society, a process thatBlau (1977) characterized as the “con-

solidation” of social parameters. This growing correlation opposes the mild integrationist trend

that some see in the residential segregation data. In particular, the association between income and

family type has increased (Burtless, 1999). The association between wife’s education and hus-

band’s education has increased (Schwartz and Mare, 2005). The association between income and

political partisanship has increased (McCarty et al., 2006). Our own calculations from the Gen-

eral Social Surveys have established that the association between being married with children and

frequent church attender increased, the association between being married with children and being

politically conservative increased, and the association between being a frequent church attender

and being politically conservative increased. All other things equal, one would expect that a rising

correlation of statuses would imply a lower frequency of “cross-cutting status sets” and “cross-

cutting cleavages,” and higher levels of values polarization and conflict (Merton, 1957; Coleman,

1957; Lipset, 1963). Consistent with this expectation is Lee’s (2007) finding that generalized trust

has been declining in the U.S. for the past 30 years. Also consistent is the work of Poole and

Rosenthal (2000), who documented a growing distance between the political positions of the me-

dian Democrat and the median Republican since roughly the middle 1970s. While DiMaggio et al.

(1996) found no evidence for a growing values divide as of themiddle 1990s, analyses of more

current trend data by Evans (2003) show growing evidence that “partisan” Americans (those who

label themselves as liberals or conservatives) were becoming polarized around moral issues such

as abortion, sexuality, school prayer (see also Mouw and Sobel, 2001; Green, 1996; Brooks, 2002;

Frank, 2004; and Baldassarri and Gelman, 2008).

Recent studies suggest that the absolute level of connectedness of Americans depends upon

the character of the relationship tie elicited by the surveyquestion. Zheng et al. (2006) obtained

a median network size estimate of 610 based on the 1998 McCarty et al. (2001) survey that asked
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respondents questions of the form “How many people do you know who [are in group X]?” The

2006 Pew survey instead queried respondents about their strong ties using the prompt

Let’s start with the people you feel [alternatively SOMEWHAT CLOSE TO or VERY

CLOSE TO],which might include those you discuss important matters with, regularly

keep in touch with, or are there for you when you need help. Thinking about ALL the

people who fit this description and who do NOT live with you, how many are. . .

Using these prompts, Boase et al. (2006) found that Americans had a median of 35 somewhat close

ties and 15 very close ties.

The 2004 GSS used a different prompt, and reported a much lower level of connectedness

(McPherson et al., 2006). In both the 1985 and the 2004 surveys, the GSS interviewer asked:

“From time to time, most people discuss important matters with other people.

Looking back over the last six months—who are the people withwhom you discussed

matters important to you? Just tell me their first names or initials. IF LESS THAN

5 NAMES MENTIONED, PROBE: Anyone else?” (NORC interviewer writes down

just the first five names and then asks further questions aboutthese names).

In 1985, the mean respondent reported that he/she had discussed important matters during the past

six months with 2.9 individuals out of a maximum of five. In 2004, in contrast, the mean was

only 2.1, and one quarter of 2004 respondents (later revisedto 22.5% in McPherson et al. (2008))

offered no names in response to this question vs. 10% in 1985 (McPherson et al., 2006). This high

estimate has recently been criticized by Fischer (2009), and both Fischer and McPherson et al.

apparently now agree that the 22.5% estimate of social isolates is at least partly an artifact of the

data collection process in the 2004 GSS (McPherson et al., 2009). Regardless of the correct answer,

however, estimates of core network size cannot by themselves reveal the level of social integration

achieved through social interaction, because much of this interaction occurs with associates who

would not be characterized as strong ties.
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Strong and Weak Social Ties across “Diverse Social Cleavages”

Putnam argued inBowling Alonethat the “bonding”/“bridging” distinction is “perhaps themost

important” dimension along which social capital could vary, but that he could find “no reliable,

comprehensive, nationwide measures of social capital thatneatly distinguish ’bridgingness’ and

’bondingness’,” which caused him to de-emphasize this distinction in his empirical analysis and

focus instead on the simpler question of whether social capital in general had declined (Putnam

2000, pp. 22, 23). Despite the large empirical literature onsocial networks, his conclusion about

the state of available evidence remains accurate for two reasons. First, more attention has been

paid in homophily studies to some statuses than to others, which leaves gaps in our understanding

about potential barriers to social interaction. The secondand more fundamental reason is the lack

of good data about the structure of complete social networks–including the weak ties as well as

the strong ones.

As McPherson et al. (2001) discuss, studies of association range from marriage (Kalmijn,

1998), confidants and friends (Marsden, 1988; Verbrugge, 1977, 1983) to mere contact (Well-

man, 1996), knowing about someone (Hampton and Wellman, 2001) or appearing with them in a

public place (Mayhew et al., 1995). This literature documents multiple dimensions of homophily,

including age, gender, race, and socioeconomic status. However, much of what is known about the

level of homophily in social networks concerns close relationships (Moody, 2001), largely because

of the methodological difficulty of gathering information about people to whom one has relatively

weak ties.

Race is typically identified as the dimension along which social networks are most segregated.

Most of the evidence for this assertion comes from the study of close ties of marriage, kinship, and

friendship, especially school friendships or core-network designs such as the 1985 and 2004 GSS

(Marsden 1988; McPherson et al. 2001). Marsden’s (1987) study of the 1985 GSS questions about

core social networks found that only 8% of adults with networks of size two or more reported being

tied to someone of a different race. Marsden estimated this frequency as only one-seventh as high

as one would expect if people sorted themselves at random. Many studies have similarly found
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strong evidence of segregation in racial friendships (e..g, Quillian and Campbell, 2003; Moody,

2001; Mouw and Entwisle, 2006). But, to repeat, these studies are almost always about close

ties. Little is known about inter-racial acquaintanceships made at work, in the neighborhood, or in

voluntary associations.

Even less is known about ties among Americans with differentreligious practices or political

preferences. McPherson et al. (2001) argued that marriage,friendship, and confiding relations are

homophilous with respect to religion, though religious homophily is not typically as strong as race

or ethnicity (Laumann, 1973; Marsden, 1988; Fischer, 1982;Louch, 2000). Kalmijn (1998) re-

ported that marital homophily with respect to religion appears to be declining. McPherson et al.

(2001) note that some religious groups (e.g., Jews) clearlydisplay homophily in their choice of

friends and spouses. In contrast, they conclude from their review of the literature that religion –by

which they primarily mean religious denomination– "may notmatter much at all" in relationships

that are not close. According to McPherson et al. (2001), themain exception concerns fundamen-

talists and members of sects, for whom religion has become something of a total environment.2

Similarly, McPherson et al. (2001) report that people form ties based on a similarity of values

as well as of social statuses, but the extent to which this generalization covers weak ties outside

friendship groups or core social networks is an open question.

Many scholars have offered speculation about the relationship between tie strength and level

of homophily. The principle underlying Granovetter’s "strength of weak ties" hypothesis was that

weak ties provided connections to people who were more occupationally and socioeconomically

dissimilar from oneself than did strong ties (Granovetter,1973; see also Lin, 1999). Putnam

similarly argued that close ties were more likely to be with people like oneself, while weak ties

were more likely to be with people who are different from oneself. Smith-Lovin (2007), following

Blau (1977), argued that homophilous as well as multiplex ties are more likely to be strong ties,

while ties among dissimilar others are more likely to be weak. The 2004 GSS data, however,

suggested that multiplex ties are uncommon even within coresocial networks (Smith-Lovin, 2007).

The major challenge for testing these ideas is that relatively little is known about the structure
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of weak ties. Research using position generators (Lin et al., 2001) and resource generators (Van der

Gaag and Snijders, 2005) has focused more on the specific issue of instrumental ties in the labor

market than on the broader question of social integration. So-called “complete network” designs,

in which the connections between all members of some relevant subpopulation are collected (e.g.

the Newcomb (1961) fraternity study, the Add Health friendship and sexual relationship study

(Bearman et al., 2004), or the Nang Rong, Thailand study (Rindfuss et al., 2004)) obviously miss

weak ties that link outside the subpopulation under study, and in any case, these designs do not

scale well to the world of adult Americans. The 2006 GSS data,therefore, offers the potential to

fill an important gap in scientific knowledge about the structure of segregation and homophily in

complete social networks.

Data and Methods

The data for this study were collected as a special topical module in the 2006 General Social Sur-

vey. The basic design was similar to McCarty et al.’s 1998 and1999 surveys that employed a “how

many X’s do you know?” methodology in order to estimate the distribution of individuals’ network

size, and also to estimate the sizes of special subpopulations that tend to be hard to count with stan-

dard survey methodologies (McCarty et al., 2001). Our survey differed from the McCarty et al.

surveys in its focus on ties to highly salient groups that define important sources of heterogeneity

among Americans and potentially important sources of social cleavage. Our survey also differed

from McCarty et al. in the type of relationships that we measured and in the several subsets of a

person’s full network that our questions pertained to.

We asked about two types of relationships. Our prompt concerning acquaintanceship was as

follows:

I’m going to ask you some questions about all the people that you are acquainted with

(meaning that you know their name and would stop and talk at least for a moment if

you ran into the person on the street or in a shopping mall). Again, please answer the
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questions as best you can.

The second type of relationship that we studied concerned trust. Coleman defined trust as the

willingness to place intellectual, financial, physical or other resources at the disposal of another

party (Coleman, 1990).3 An individual usually trusts one’s friends, but there are other people one

may trust who do not qualify as friends, such as kin, or mentors, or people that one has a service

or business relationship with. The extent of one’s trust relationships may in turn be related to

one’s level of "generalized trust," i.e., one’s belief about the trustworthiness of the average person

or of the "benevolence of human nature in general" (Yamagishi and Yamagishi, 1994). Our trust

question is about the respondent’s specific trust relationships as opposed to generalized trust, and

was elicited with the following prompt:

Now I’m going to ask you some questions about people that you trust, for example

good friends, people you discuss important matters with, ortrust for advice, or trust

with money. Some of these questions may seem unusual but theyare an important

way to help us understand more about social networks in America. Please answer the

questions as best you can.

Following the prompts concerning acquaintanceship or trust, the GSS interviewers asked respon-

dents a series of “how many of the people that-you-are-acquainted-with/that you-trust are named

[one of a set of names]” in order to estimate the size of the respondent’s network (i.e., the network

degree).4 The interviewers then asked about specific ties with people at various socioeconomic

levels, people who were members of various race and ethnic groups, people with various religious

behaviors, people in various family types, and people with various political orientations.5 The

specific groups that we asked about are listed in Table 1.

[Table 1 about here.]

It is a general property of human interaction that statuses,behaviors, and values which are

central to one’s own identity may be misperceived or go unnoticed by one’s acquaintances. Ego
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would generally know the race of people that he is acquaintedwith, and he may well know the

political ideology, religiosity, or family situation of people that he knows well. However, ego

might often not know the political ideology, religiosity, or family situation of his acquaintances. If

he were to count the number of his associates who are politically liberal, or who are gay, or who

attend religious services on a regular basis, he would (necessarily) base his count on hisperceptions

about others. Thus, when two individuals with the same estimated network size report that they

know very different numbers of people who are politically conservative, there might in fact be

a big difference in the number of political conservatives intheir networks, or they could instead

have similar networks but very different perceptions abouttheir acquaintances. Regardless of the

true level of integration of acquaintanceship networks, perceived integration is important because

it describes the social world as experienced by the people who live in it. As Thomas and Thomas

(1928) wrote, “If men define situations as real, they are realin their consequences.”

In the McCarty et al. surveys, the groups being asked about were often very small (e.g., women

who adopted kids in the past year, or people who committed suicide in the past year), and respon-

dents were asked to list the exact number of individuals theyknew in each of these groups. In

contrast, our interest encompasses socially prominent groups that typically have a large mem-

bership (e.g., people who are unemployed, or people respondent is pretty certain attend religious

services rarely or never), and it is either burdensome or infeasible to ask respondents to recall the

exact number of people they know in these groups. Consequently, we asked respondents to indi-

cate whether the number of people they knew fell within specific numerical ranges, specifically

zero, one, two to five, six to ten, or more than ten.

We asked questions about the number of persons known or trusted in the respondent’s entire

social network. In addition, we asked these questions with respect to four specified subnetworks:

(1) family, relatives, or in laws, (2) neighbors, (3) peopleat work or customers or clients, and (4)

people from associations, clubs, preschool, school, or places of worship. We asked about each

of these subnetworks to establish how segregation with respect to specific groups varied across

major “foci of interaction” within a person’s overall (Feld, 1981). These questions also served
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two methodological purposes: they reduced response burdenby limiting the scope for the recall

process, and they created additional response variance concerning the number of ties with persons

in the specified social groups.

Our overall sample size was 1371. In order to accomplish the project’s objectives, we subdi-

vided our sample in complex ways. Fifty percent of the samplewere asked the questions about

acquaintanceship and trust concerning their entire socialnetwork. The other fifty percent were

divided into four subsamples, and each of these subsamples was asked about ties within three of

the four subnetworks listed above. Figure 1 illustrates thesample design. Restrictions on total

module length caused us to exclude questions about contact with the same or opposite gender be-

cause men and women make up such large shares of the population that it would be difficult, given

our methods, to measure variation with accuracy.6 We also omitted questions about contact with

groups defined by age or education in order to focus on the cleavages most salient to the current

debate on social integration, namely race/ethnicity, class, religion, political ideology, and family or

romantic relationships. The response rate varied by question, from 99% for some of the names and

the race questions to 95% for having acquaintances who were unemployed or who owned a second

home or were gay, to 92% for knowing people who go to church on aregular basis and 89% for

knowing people who never attend church. The lowest responserate (81%) was for knowing people

who “you are pretty certain are strongly liberal.” The pattern of missing data for the trust questions

was similar to that for the acquaintanceship questions.

[Figure 1 about here.]

Our modeling strategy is described in detail in Appendix A (see also Zheng et al., 2006). We

assume that the number of individuals in groupk that are known to individuali (i.e.,yik) follows a

Poisson model, i.e.

yik ∼ Poisson(λ ik)

whereλ ik is the expected number of individuals that individuali knows in groupk. The main task

therefore is to modelλ ik.
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In a world where associations were made at random, it would bestraightforward to model

λ ik; for every individuali, the expected number of people in groupk that she knows would equal

the product of the size (degree) of her network multiplied bythe fraction of all acquaintanceship

ties that involve groupk. For example, if 12% of all acquaintanceship ties involved African-

Americans, an individual who know 500 people would be expected to know 60 African-Americans.

More formally, let

ai equal the estimated degree of individual i’s acquaintanceship network.

bk equal the proportion of all ties that involve group k. Then wecould write

yik ∼ Poisson(aibk) (1)

Model (1) is unrealistic because individuals differ in their propensity to know members of any

particular social group. We take this overdispersion into account by allowing the relative

propensity of individuals to know members of group k to differ. We definegik as the relative

propensity of individuali to know someone in groupk, whereg is the ratio of the expected

number of ties for individuali to the number of ties he would be expected to have if

acquaintanceship ties were made at random, i.e.,

gik =
λ ik

aibk

and we elaborate the basic model such that

yik ∼ Poisson(aibkgik) (2)

We cannot directly estimate the parameters in model (2) because the number of parameters

exceeds the number of data points. Instead, we integrate outthegik by assuming that it follows a

gamma distribution, and thereby obtain the negative binomial model.

yik ∼ negative binomial(mean= aibk, overdispersion= ωk)
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whereωk scales the variance of the number of acquaintanceship ties between individuals in the

population and members of groupk, i.e.,

V(yik) = ωkE(yik)

Higher values ofωk imply greater overdispersion. Whenωk is unity, the negative binomial model

reduces to the Poisson model where the variance equals the mean.

We use overdispersion as our primary measure of network segregation. Segregation, ho-

mophily, polarization and overdispersion are related concepts, but they are not exactly the same.

DiMaggio et al. (1996) used “polarization” to refer to threeaspects of the distribution of public

opinion: the extent to which opinions on some issue were opposed, the extent to which attitudes

on different issues were correlated (they used the word “constrained”) and the extent to which

attitudes were correlated with various social statuses (which they referred to as “consolidation”).

Taking opinions one at a time, they measured the level of polarization in terms of the variance

of the attitude distribution (they called this “dispersion”) and the shape of the distribution (they

measured this in terms of kurtosis, which is related to bimodality).

The related concept of “segregation” is the extent to which people are separated from each

other on the basis of specific statuses, such as race, gender,or learning difficulties. The separa-

tion is typically defined with respect to some single characteristic of individuals, such as one’s

occupation, job, employer, classroom, or the geographic location of one’s residence. It is typi-

cally measured in terms of the difference in the distribution of two or more groups with respect

to this characteristic (e.g., as the percent of each group that would have to be rearranged in order

to equalize the distributions of the groups). High segregation implies unequal or at least different

group experiences with respect to the characteristic in question (job, residence, or classroom) and

also usually implies lowered rates of contact to the extent that social interaction is structured by

geography, employer, classroom etc.

In this paper, we are directly concerned with the level of contact itself rather than the charac-
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teristics that may structure contact, and so we use the term “segregation,” which is related to the

concept of homophily, i.e. the tendency for people to associate with others who are like them-

selves on some (or several) particular status or attitude orbelief dimension(s). We operationalize

network segregation as the extent to which the individual-level variance in the level of contact with

a particular social group (“dispersion”) is higher than onewould expect under a random mixing

model. In theory, high overdispersion could be produced by low homophily (e.g., if people avoided

contact with others like themselves), but as a practical matter (and as we have verified for the GSS

data), overdispersion is generally produced in large part by homophily. In other words, people tend

to know more people who are in the same statuses as themselvesthan one would expect from an

assumption of random interaction.

Additional conceptual insight can be obtained by comparingoverdispersion to measures that

have been used in the literature on segregation. While the index of dissimilarity is the most well-

known measure of segregation, researchers have also conceptualized segregation as a measure

of inequality across geographic units (e.g., census tracts) within some larger geographic area (e.g.,

metropolitan areas) in the proportion of the population that is minority (Massey and Denton, 1988).

Our model focuses on individuals, not geographic units, andinstead of proportions who are in a

particular group, we model the number of ties that involve a specific group. The coefficient of

variation (CV), which is a standard measure of inequality (Allison, 1978), equals the standard

deviation of some resource divided by its mean. If we conceptualize contact with a specific group

as a resource that may be unequally distributed in the population, then it follows that

CVik =

√

V(yik)

E(yik)
=

√

ωk

aibk

If we take the ratio of inequality of contact with members of groupsk andk′ for individuals who

have the same network size (i.e., the same value ofa), we obtain

CVk

CVk′
=

√

bk′

bk

ωk

ωk′
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In other words, if contact with groupsk andk′ is equally overdispersed, then the inequality of

contact with groupk differs from the inequality of contact with groupk′ only as a function of the

difference in the relative share of ties that involve groupsk andk′.

A related measure of segregation is the index of exposure that was introduced by Bell (1953),

and elaborated by Lieberson (1981) (see also Massey and Denton, 1988). The isolation index

(which equals one minus the interaction index) measures theextent to which members of a partic-

ular group are exposed only to one another, rather than to therest of the population. This index

was written by Lieberson as

xP
∗
x =

1
X

N

∑
i=i

x2
i

ti

wherexi are the number of members of minority groupx in geographic uniti, ti is the total popu-

lation in geographic uniti, and X is a scaling factor that equals the total number of minority group

members across allN geographic units. If we substitute individuals for geographic units, thenxi

is analogous to the number of ties between an individual and members of groupx, andti becomes

the size of individuali’s network. If we re-express this relationship in terms of expectations from

our Poisson model (and refer to group x as groupk), we obtain

Pk ∼
N

∑
i=1

(aibkgik)
2

ai
= b2

k

N

∑
i=1

aig
2
ik

If everyone in the population had the same network size, thisexpression becomes a simple function

of the variance of the relative propensities in the population to have ties with members of group

k, which is related to the overdispersion parameter,ωk. Thus, we see that standard measures of

segregation are closely related to the concept of overdispersion used in this paper. Residential seg-

regation measures are typically computed for specific geographic areas, for example, metropolitan

areas. In this paper, we compute measures of overdispersionacross the entire country rather than

(for example) for distinct metropolitan areas, but this is aconsequence of the nature of our data

(a national sample of limited size) rather than of the measure; if sufficient data were available,

overdispersion measures for segregation in acquaintanceship or trust networks could also be com-
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puted for individuals living within specific metropolitan areas or other geographic areas within the

United States. The social networks of these individuals, ofcourse, would generally extend outside

the specific geographic area unless the question restrictedthe network scope to alters living in the

same area as ego.

Three further issues need to be briefly summarized. Two of these issues concern the estimation

of the size of acquaintanceship or trust networks. In model (2), the predictedyik depends on the

product ofai (the size of ego’s network) andbk (the proportion of ties that involve group k). In

order to identifyai andbk separately, we borrow information about the size of the groups from other

sources, such as the fraction of the population with specificnames (see Appendix A or McCormick

and Zheng (2007) for details).

The second issue concerning the estimation of network size is recall error. Prior research

demonstrates that individuals find it easier to count accurately the number of individuals they know

from rare groups than from common groups. Put concretely, itis easier to recall the number of

females that one knows who are named Bethany than it is to recall the number of males one knows

who are named Michael.7 To ease respondent burden, we used intervals to ask respondents about

people they know (zero, one, 2-5, 6-10, or greater than 10), but this does not by itself solve the

problem of under-reporting. McCormick and Zheng (2007) show that people tend to over-recall

ties involving very rare names and under-recall ties involving common names. We estimated a

recall function to transform the known proportion of groupk in the population into an estimate of

the fraction of network ties that will be recalled to connectwith groupk, and this then gives our

estimate of degree size (see Appendix A for further details).

Using external information on the frequency of names along with the recall function works

well for estimating the size of acquaintance networks, but it gives estimates of the size of trust

networks that in our judgment are too large. The names that weselected for the GSS survey were

only a small fraction of 1% of the American population, whichmeans that 0, 1, and 2-5 would

be typical responses to the question about how many people ofthis name one is acquainted with.

However, trust networks are much smaller than acquaintanceship networks. It would have required
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another set of more common names – each around 1% of the population – to estimate the size of

the trust network on the basis of trust of people with a given set of first names. It is also likely

that recall problems are much less severe for the relativelysmall group of people that one trusts

than for the larger group of people that one is acquainted with. Consequently, applying the recall

function estimated from the acquaintanceship data to the trust network would upwardly bias the

estimated number of people that one trusts. An alternative normalization strategy assumes that

the proportion of ties involving racial groups equals theircollective proportion in the population.

We use the latter strategy in our analysis of the network of people that one trusts. Our alternative

normalization strategy provides estimates of the size of trust networks that closely approximate

estimates obtained in the 2006 Pew Survey (Boase et al., 2006). This similarity suggests that the

logic underlying our race-normalization strategy is reasonable (see below including footnote 20

for additional information). In any case, our estimates of overdispersion are not affected by our

choice of normalization strategy or by the use of a recall function to estimate the size of the degree

network (see Zheng et al. (2006) for further details).8

The third issue, which we have already mentioned above, concerns the distinction between ob-

servable and hidden statuses. Killworth et al. (2003) referto the situation where information about

one’s status is not transmitted with equal probability to all people that one knows as a “transmis-

sion effect.” Some statuses –most notably skin color– are often (though not always) observable.

Other characteristics such as political ideology or sexualorientation are not as readily observed,

and it might often be true that a respondent would recall a particular acquaintance but not neces-

sarily know that the acquaintance was politically conservative, gay, in a cohabiting relationship, or

someone who goes to church on a regular basis. Sometimes the respondent does not know because

the information has low salience for him. In other cases, he may overestimate the extent to which

other people that he knows are like himself (McPherson et al., 2001; Goel et al., 2009). Finally,

sometimes the information is masked on purpose by acquaintances who think he would be put off

by this knowledge (Noelle-Neumann, 1993). Thus, conservatives may hide their ideological orien-

tation from liberals, gays may hide their sexual orientation fact from those who are homophobic,
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etc. Generally speaking, we expect these “transmission errors” will make networks appear to be

more segregated than they actually are and may contribute toa perception that the U.S. is a more

polarized society than it actually is (DiMaggio et al., 1996; Baldassari and Bearman, 2007; Gel-

man et al., 2008). The fact that our estimates will overstatesegregation on certain dimensions is

not simple error, however; it instead provides an accurate estimate of the level of segregation and

the extent of “bridging social capital” that ego perceives in his network.

Results

Acquaintance Networks

The size of acquaintanceship networks varies substantially in the adult population. Figure 2 shows

the distribution of the recall adjusted acquaintanceship network. We estimate that the median

person is acquainted with 550 people, with an estimated interquartile range of approximately 400

to 800.9 Our estimate from the 2006 GSS data is similar to the 610 estimate of the median made

by Zheng et al. (2006) based on the 2000/2001 Kilworth and McCarty data (see also Marsden,

2005).10 As Table 2 shows, the strongest predictors of acquaintanceship degree in our data are

education, income, race, immigrant status, and church attendance, a pattern that is consistent with

studies that have used other strategies to study social networks (McPherson, 1983; Marsden, 1987;

McPherson et al., 2006).11 Each year of education is associated with an increase of 22 people, or

about 3%, in one’s acquaintanceship network. Net of education, income also has a small effect,

with each $10,000 in additional family income predicting anincrease of 9 acquaintances. Blacks

and U.S. born Hispanics have smaller estimated networks than do whites, though the difference is

not statistically significant, net of other covariates in the model. However, members of other races

and foreign-born Hispanics have estimated acquaintanceship networks that are 26% smaller than

those of white, and respondents who attend church on a weeklybasis have 25% larger networks

(about 150 people) than do those who rarely or never attend church, net of other covariates. The

added network members of frequent church members are presumably the people that they know
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from their participation in religious services and other activities at their places of worship. The

relatively small networks of the foreign born and of respondents who are neither white, black, nor

Hispanic suggests greater social isolation for respondents who migrated to this country and for

those who belong to relatively small population groups (cf.Blau, 1977), though our methodology

may understate the network size for these latter groups of Americans.12

[Figure 2 about here.]

[Table 2 about here.]

Estimated overdispersions in acquaintanceship social networks (medians and interquartile ranges)

are presented in the second and third columns of Table 3. The overdispersion parameters provide

an estimate of the ratio of the true variance to the variance from the null model of random mixing.

In the case of people named Kevin, the estimated median overdispersion is 1.7. So for example,

if ego knows 900 people, and if 1% of all people are named Kevin, then ego would be expected

to know 9 people named Kevin under the null model with a standard deviation of 3. An overdis-

persion of 1.7 implies that the standard deviation of the number of Kevins known to people with

900 acquaintances is inflated from 3 upwards only slightly to3.9 people (i.e., 3 multiplied by the

square root of 1.7). In general, the overdispersions for groups defined by names were low, which

supports our using these names to estimate the distributionof network degree in the GSS sample.

In contrast, overdispersion is much greater for ties with groups defined by or related to class, race,

political orientation or religiosity. For example if 5% of social ties involved the unemployed, then a

person who knew 500 people would be expected under the assumption of random mixing to know

25 unemployed people with a standard deviation of 5. In fact,we estimate the standard deviation

to be 16, implying an approximate 95% confidence interval of 0to 57, which is wider than the

15-35 confidence interval in a world of random mixing. In other words, the social networks of ac-

tual Americans are more heterogeneous than the random mixing model would predict, with some

people knowing very few unemployed, while for others more than 10% of their acquaintances are

unemployed.
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[Table 3 about here.]

The existing literature, which is largely based on information collected about a few close ties,

reports that segregation on the basis of race outstrips by far segregation on other social variables.

Our data clearly support earlier findings showing a high degree of segregation on the basis of race.

Because whites are numerically dominant, we cannot accurately estimate the level of overdisper-

sion of the number of whites one is acquainted with.13 For blacks and Hispanics, however, our

results show overdispersion parameters of about 9 or 10. In anetwork of 500 acquaintanceships,

we would expect at random about 12% black and Hispanic acquaintances, or 60 blacks and His-

panics each out of 500, and a standard deviation of about 8, and so 95% of social networks would

have between 44 to 76 of each group. Instead, the estimated standard deviation is on the order of

25, giving a 95% band of about 10-110 for each group.14

Another way to illustrate the meaning of overdispersion is to compare our estimated proba-

bilities of being acquainted with (knowing) especially few(or especially many) members of any

particular group against the benchmark of random mixing. Table 4 shows the estimated number

in a 400 person network (the 25th percentile of estimated network size) that would belong to each

of the measured subgroups based on the proportion that each of these groups constitutes of the

American population. We then compare the probability of knowing ten or fewer in each of these

groups under the assumption of random mixing with the estimates from our model based on the

actual patterns of segregation found in the data. The probability of having only 10 or fewer ac-

quaintanceships out of a 400 person network in each of these groups would be extremely small

under the assumption of random mixing. In contrast, we estimate the probabilities of having such

segregated networks to be actually much larger than the random benchmarks would suggest. For

example, eighteen percent (as opposed to 1 in a 1000) would know 10 or fewer unemployed per-

sons, 1/3 would know 10 or fewer Asians, and 17% would knew 10 or fewer gay people.15 To put

it another way, segregated networks in terms of each of thesesocial groups is much more common

than would be expected if people mixed without regard to the statuses or behaviors that define

these groups.
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[Table 4 about here.]

McPherson et al. (2001) summarized the sparse knowledge about acquaintanceship networks

to the effect that “in relationships of less closeness, religion may not matter much at all.” (p.

426). While this may be true if religion is operationalized as denomination, our results show that

perceived segregation byreligiosity (i.e., the frequency of attendance at places of worship) is at

roughly the same level as perceived segregation on the basisof class or race. All three of these

variables have overdispersions that are on the order of 10. It is, of course possible that regular

church-goers are simply ignorant of the behavior of acquaintances not in their congregations, while

those who rarely go to church are simply unaware of the behavior of their church-going acquain-

tances.16 We think it unlikely, however, that associational segregation on the basis of perceived

religious behaviors would be nearly as high as associational segregation on the basis of race if

religious behavior were not an important factor structuring interaction even among acquaintances.

We estimate that the chances of knowing no one (or thinking that one doesn’t know anyone) who

goes to church regularly, no one who is unemployed, no one whois gay, no one who cohabits, no

one who is strongly liberal, or no one who is strongly conservative is always at least 5 times and

as much as 11 times higher in American social networks than would be true under random mixing.

Our results suggest a polyvalent pattern of segregation in American social networks which chal-

lenges the conventional wisdom that "race and ethnicity areclearly the biggest divides in social

networks” (McPherson et al., 2001, p. 6).17

Table 3 shows that the pattern of segregation varies across subnetworks. Naturally, race and

ethnicity are most highly segregated within families, where integration occurs only either through

intermarriage, or through members of mixed-race and mixed-ethnic families assuming different

racial or ethnic identities. Outside of the family, race andethnic segregation are generally of

comparable size within the neighborhood, voluntary associations, and the workplace, with ac-

quaintances involving blacks being somewhat less overdispersed at work than in neighborhoods.

It is, of course, well known that residential segregation inthe U.S. tends to be pronounced, and

segregation in neighborhood-based acquaintances is therefore not a surprise. It is also well known
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that schools, churches, and social organizations are highly segregated by race. The average census

tract-level index of black-white dissimilarity in the 50 largest metropolitan areas of the U.S. is

.62, while the average tract-level Hispanic-white index ofdissimilarity is .48 (Charles, 2003). Our

recent knowledge about workplace segregation derives fromEEO-1 data on private establishments

with 50 or more employees (Robinson et al., 2005). Tomaskovic-Devey et al. (2006) found that

American establishments had a mean white-black dissimilarity index of about .35 and a similarly

sized white-Hispanic dissimilarity index.18 However, they argue that this number is an underesti-

mate, first because it excludes establishments that are racially homogeneous, and second because

it is based on the highly aggregated EEO nine-category occupational classification. In contrast,

Hellerstein and Neumark (2008) ignored occupation and estimated a dissimilarity index for blacks

and whites of .19 in a sample of establishments with at least 40 employees based on the 1990 long

form census data merged with the Business Register.19

Table 3 suggests lower levels of associational segregationinvolving African-Americans at work

than in the neighborhood. Segregation involving Hispanic or Asian neighborhood acquaintances

is clearly lower than is segregation involving black acquaintances. Segregation involving Hispanic

or Asian acquaintances through voluntary associations is similarly lower than is segregation in-

volving black acquaintances. We do not have the data to disentangle the various associational

contexts within which Americans mix, but certainly religious activities play a major role. It is

well known that religious congregations are highly segregated by race (Dougherty, 2003; Vischer,

2001), though little hard evidence exists to support the speculation that segregation at church is

greater for blacks than for other racial groups. Whatever its cause, these gradients by racial group

deserve further investigation.

The second striking pattern in Table 3 is the extent to which “bridging” social capital is more

likely to be found within families than in the associations and business organizations that make

up the public sphere. There is less overdispersion in knowing the unemployed or people with

a second home in the family than at work, within associations, or in neighborhoods. The same

is true for prisoners. Acquaintanceship ties with gays are also less segregated within the family
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than at work, in associations, or in neighborhoods. This pattern may partly be explained by the

fact that American families have become more heterogeneousover time, and therefore it is more

likely that people who are dissimilar with respect to class or prison status will be located in the

same family than in the past. It is probably also harder to ignore or be misinformed about statuses

or behaviors within the family than it is at work, in associations, or even in the neighborhood. In

other words, the greater amount of shared information aboutfamily members may produce a closer

correspondence between the diversity of networks as they really are and as they appear to ego in

the family than in more public contexts. Neither explanation diminishes the irony of this striking

finding.

The two names “Mark” and “Linda” show a greater level of overdispersion at work and in

associations than in neighborhoods or families. We suspectthat this pattern reflects greater age-

segregation at the workplace or in associations than would be found in neighborhoods or families,

where people of different ages are likely to interact with each other. Mark, for example, was the

sixth most popular boys name for cohorts born in the 1960s, but ranked 181st in the 1930s and

34th in the 1980s. Meanwhile, Linda ranked 2nd in the 1940s, 317th in the 1920s, and 128th in the

1980s. When names change popularity over time, more highly age-segregated networks will show

greater overdispersion than will less age-segregated networks.

Perceived segregation of acquaintances by church attendance or political ideology are about

equally segregated in the family, in the neighborhood, and at work. Glaeser and Ward (2006) esti-

mated that the index of dissimilarity by political party at the national level is about .2when counties

are the unit of analysis. This is much lower than standard results for residential segregation at the

tract level, but these numbers are not readily comparable. Counties are much bigger than tracts,

and county-level racial segregation is doubtless much lower than is tract-level segregation. How-

ever, racial segregationwithin counties is very high, while the level of political segregation within

counties is an unknown. Religiosity is much more segregatedwithin associations than at work or in

the neighborhood, but this is not surprising given that the category of associations includes places

of worship. Political ideology is similarly more segregated within voluntary associations than it is
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at the workplace or in the neighborhood. Certainly it is not the case that political associations are

a central aspect of the associational life of Americans, butpeople appear to choose associations or

choose whom to associate with in associations in order to produce a greater level of perceived ide-

ological segregation than they experience in their neighborhoods or workplaces. The high level of

overdispersion by political ideology in voluntary associations that are officially organized on other

principles could be a product of consolidation (Blau, 1977), i.e., where one dimension of belief

or behavior (e.g., religious belief or religiosity) is highly correlated with another belief (political

ideology). It is, of course, also possible that people more readily attribute their beliefs to others

in voluntary associations that – members may rightly or wrongly assume – bring together other

people with similar beliefs to their own.

Trust Networks

The number of individuals that one trusts is obviously smaller than the number of people that one

is acquainted with, but how much smaller? As noted above, McPherson et al., 2008 (see also

McPherson et al., 2006; McPherson et al., 2009) found that the mean size of core networks (as

measured by the GSS question concerning a list of people one has "discussed important matters

with" in the last six months) dropped from 2.9 out of a maximumof 5 in 1985 to 2.1 in 2004,

with 22.5% of the sample listing no names at all. Our 2006 GSS trust question differs from the

2004 (and 1985) GSS questions; it broadens the relationshipto include friends, and it is closer to

the Coleman idea of trust as the willingness to place material resources along with information

at the disposal of someone else. For these reasons, it provides an alternative perspective on the

level of isolation among contemporary Americans. We computed the proportion of people in our

sample who reported that they trusted no one at all in any of the social categories that we asked

about (i.e., all the specific names, all the specific occupations, all races, liberals and conservatives,

churchgoers and non-churchgoers, the unemployed, those inprison, those with a second house,

gays, and cohabiting women). Only 1.4% of the 2006 GSS samplereported that they did not trust

any specific person in any of these categories that we queriedabout, which is considerably lower
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than the McPherson et al. estimate. We further computed the proportion of respondents who did

not trust anyone in all but one of these categories (we let theexcepted category be anything at all).

This relaxed criterion only raised the proportion of "extremely low trusters" to 3.1%. It seems

that when confronted with specific prompts for specific typesof people, Americans are much more

likely to report that they trust at least some specific individual than they are to provide the specific

name of someone with whom they have discussed "important matters."

Our estimate for the degree distribution of the trust network is displayed in Figure 3. The dis-

tribution of trust ties is skewed to the right, with an estimated median of 17 and an estimated

interquartile range between 10 and 26.20 These estimates are much higher than the mean of 2.1

reported out of the 2004 GSS (McPherson et al., 2006) and morein line with the estimates obtained

from the 2006 Pew survey (Boase et al., 2006). Our results suggest that the multiple prompts in

the 2006 “trust” question wording (good friends, people youdiscuss important matters with, trust

for advice, or trust with money) and the lack of a six-month scope condition in the 2006 question

generate a larger, less close network than does the 2004 GSS question wording. At the same time,

trust networks as measured by the 2006 GSS question wording are much smaller than acquain-

tanceship networks; our estimate of the median number of people in the close networks tapped by

our trust question is only 3% of our estimate of the median number of people in acquaintanceship

networks.21

[Figure 3 about here.]

To establish the determinants of the size of the trust network, we first estimated a fractional

polynomial regression of the estimated size of the trust network against the estimated size of the

acquaintanceship network. Figure 4 shows the estimated relationship between the number known

and the predicted number trusted along with a scatterplot ofthe estimated number trusted against

the estimated number known. Among those whose estimated acquaintanceship degree is in the

bottom 25% of the distribution, the predicted number trusted moves from about 5 to about 15,

with virtually everyone in this quartile trusting fewer than 20 people. In the middle 50% of the

distribution, the expected number trusted climbs from about 15 to about 25. In this range, it
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becomes more common for people to report that they trust between 20 and 40 people, even though

there is a persisting minority of respondents who trust veryfew individuals. Finally, in the top

quartile, the expected number trusted climbs from 25 to over40. A minority of people assert that

they trust over 60 people, while another minority report that they trust very few individuals despite

their large acquaintanceship network.

[Figure 4 about here.]

We next regressed the estimated number trusted on a set of covariates, and we report the an-

swers in Table 5. In Model 1, we omit acquaintance degree. Thepattern of coefficients in the trust

model is similar to that reported earlier for the acquaintanceship model as well as to analyses of

other close network data (McPherson 1983; Marsden 1987; McPherson et al. 2006), and reinforces

the conclusion that the predictors of social network size are robust across tie strength and across

different strategies for measuring social networks. In model 2, we include the estimated size of

one’s acquaintanceship network as a covariate. Model 2 suggests that education and church atten-

dance mostly affected the number trusted because of their effect on the number of acquaintances,

while the effect of other race or foreign born is diminished.Net of estimated degree size, age

appears to have a curvilinear relationship with trust: young adults over 25 and people over 65 trust

a higher proportion of their acquaintances than do people ofother ages. Model 3 includes the

generalized trust variable.22 In the absence of any other covariates except for degree size, gener-

alized trust has a significant effect on the number trusted; those who think that people mostly can

be trusted trust an estimated 15% more people (net of estimated degree size) than do people who

disagree that most people can be trusted (results availableupon request from the authors). In the

presence of other covariates, however, the effect of generalized trust on the degree of one’s trust

network is weakened below the conventional threshold of statistical significance.23 When gener-

alized trust as well as degree size are controlled, church attendance again becomes a significant

predictor of the size of one’s trust network; net of other factors, those who attend church weekly or

more trust about 20% more people than do those who never go to church. We speculate that these
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additional people in the trust network are in fact the peoplethat churchgoers go to church with, but

we do not have the data to confirm this.

[Table 5 about here.]

Next, we address the question of overdispersion in trust networks. The fourth and fifth columns

of Table 3 show the level of overdispersion in the trust networks and Table 6 illustrates the impact

of overdispersion by comparing the probability of trustingno one in our salient groups as compared

with the expected outcome under random mixing. As with acquaintanceship networks, overdis-

persion is highest for racial groups, but church attendancefollows closely behind. Under random

mixing, only 9% of people would be expected not to know of any specific African-American that

they trust. In the actual data, we estimate that 53% of the population knows no African-American

that they trust, 52% percent knows no Hispanic that they trust, and nearly 80% knows no Asian

that they trust. The effects of overdispersion similarly magnify the likelihood of trusting no one in

groups defined by religiosity or political ideology relative to the baseline random mixing model.

While only 9% of the population would be expected not to trusta single liberal under random

mixing, our actual estimated probability is 40%. We estimate that 29% of the population do not

know any specific conservative person that they trust; in a world of random mixing, this number

would be only 4%.

[Table 6 about here.]

We elaborate our analysis of racial segregation in trust networks in Table 7 by comparing the

actual frequencies of trusting people of other races that weobtained from the GSS. Other studies

have reported that it is relatively common for blacks and whites to report significant contact with

members of the other race. In a 1989 national survey, 82% of blacks and 66% of whites claimed

to have friends of the other race (Sigelman and Welch, 1993).Jackman and Crane (1986) reported

results from a 1975 national sample that showed 10% of whitesto have a close black friend,

another 21% with a black acquaintance, and 25% of blacks witha close white friend.24 Sigelman
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et al. (1996) reported from their 1992 Detroit survey that 43% of blacks and 27% of whites said that

they had a good friend of the other race. Marsden’s (1987) study of the 1985 GSS social network

questions found that only 8% of adults with networks of size two or more reported being tied to

someone of a different race.25 As Table 7 shows, 37% of whites claim to trust 2 or more blacks,

and 28% claim to trust 2 or more Hispanics in the 2006 GSS, while a small majority of blacks and

a larger majority of people of other races report that they trust two or more whites. Meanwhile,

nearly half of American whites report no blacks in their trust networks, and about a third of blacks

report no whites in their trust networks. The GSS data suggest greater levels of interracial contact

in 2006 than Jackman and Crain found in 1975, but less than Sigelman et al. (1996) found in 1989.

The first conclusion we draw from this comparison is that estimates of interracial ties are sensitive

to the method of measurement. Our second conclusion is that trust networks in the United States

remain highly segregated.

[Table 7 about here.]

As we argued earlier in the paper, little is known about the relative level of segregation of trust

networks vs broader acquaintanceship networks. On theoretical grounds, McPherson et al. (2001)

predicted that homophily is stronger in what they refer to as"multiplex" relationships, in which

people have a relationship along more than one dimension. One corollary of this is that trust

networks should be more homophilous than are acquaintanceship networks, because one is likely

to have a more elaborated structure of ties involving kinship, marriage, and friendship in addi-

tion to more instrumental connections with people that one trusts than with people that are only

acquaintances. Similarly, Putnam (2000) conjectured that“bonding” ties tend to be with people

like oneself; his question was whether bridging ties would be sufficiently heterophilous to create a

socially integrated society. A comparison of the estimatedoverdispersion in the acquaintanceship

and trust results provides a simple test of this conjecture.In fact, our estimated overdispersions

are generally smaller for trust networks than for acquaintanceship networks. From the perspec-

tive of ego, trust networks show less variation along key status and values dimensions than do

acquaintanceship networks.
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To some extent, the larger overdispersion estimates for acquaintanceship networks may reflect

variation in recall errors among GSS respondents. Thus, onecan see from Table 3 that the esti-

mated overdispersion of names is generally larger (by about25%) in the acquaintanceship network

than in the trust network. However, the estimates of overdispersion in acquaintanceship for the

substantively interesting groups generally exceed the estimates of overdispersion in trust by more

than 25%. More work is needed to understand the impact of recall error on estimates of segregation

in social networks, but our estimates suggest that perceived acquaintanceship networks are at least

as segregated as perceived trust networks in contemporary American society.

Discussion

Segregation in American social networks is pervasive across multiple statuses that have been iden-

tified as dimensions of potential social cleavage in the popular press and in the academic literature.

Other studies have found this to be true in the context of corenetworks. Our data confirm that

segregation is also pervasive in broader acquaintanceshipnetworks as well. Beyond this confirma-

tion, our data support three major conclusions that constitute a mixed message for those concerned

about social integration. On the optimistic side, we find that trust networks are larger than the dis-

cussion networks estimated with the 2004 GSS and are about the same size as the close networks

estimated with the 2006 Pew survey. The typical American is able to identify between 10 and 20

individuals that he trusts. About a quarter of Americans trust fewer than 10 individuals, and these

Americans typically have relatively few acquaintances as well. At the other extreme are the small

but not insignificant group of Americans who have a large number of acquaintances but trust very

few of them. The typical American has a trusting relationship with only about 1/30th of the people

that he or she is acquainted with. This may sound low, but building a trusting relationship takes

time, and most people may not have enough time in their lives to build more than twenty or so such

relationships.

The greater concern, we suggest, lies not with the size of trusting relationships but rather with
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the structure of acquaintanceship networks, which are perceived by ego to be as segregated as trust

networks. To say that core networks are homophilous is almost a truism. However, the rhythms of

modern life often provide the opportunity to interact with others who are different from oneself.

This opportunity is of course not a social constant, it depends upon social resources that provide

the possibility to choose where one lives, where one works, and which associations one is able

to join. Within these constraints, people exercise choicesabout workplace, place of residence,

and about associational participation. People also have atleast some control over the people they

get to know in these various settings. When social barriers are high, people of different races or

with different political views or religious orientations may avoid social interaction to the extent

possible or at least may hide social differences from those whom they must work with or see on

a regular basis. Structural opportunity mixes with personal preferences to shape the diversity of

one’s acquaintances, colleagues, coworkers, and associates.

Core networks are different. People are socialized to be like their family members, and they

choose their mates and their friends. It is for this reason that one expects homophily to be high in

core networks. That acquaintanceship networks are at leastas segregated as are core networks has,

we suggest, two potentially important implications. The first, which is consistent with concerns

raised by Putnam, Skocpol, and others, is that the organizations of American civil society in the

American economy do not play a strongly integrative role in contemporary American society. A

second potentially important implication is that new forces in American society may provide the

basis for increased integration in the “bounded solidarity” group known as the American family.

One of these factors is rising rates of interracial marriage, and another is the relatively high rate

of instability of both cohabitation and marriage, which increases the rate of repartnering at older

ages and thereby lowers marital homogamy (Schwartz and Mare, 2005). The impact of these

trends is magnified by the relative difficulty of hiding one’sreligious orientation, sexual orientation,

political orientation, or cohabitation behavior from other family members. It is also harder to

ignore or misperceive the statuses, behaviors, and values of family members than it is for the

statuses, behaviors, and values of associates and casual acquaintances in the neighborhood, at
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work, or in voluntary associations. Growing heterogeneitycombines with willing or unwilling

transparency to produce a surprising level of integration in family interactions across multiple

important social dimensions.

Our third major finding is the large magnitude of the segregation on important socioeconomic,

behavioral, and values dimensions. The estimated level of perceived segregation by race in asso-

ciation networks is roughly on par with the level of perceived segregation by religious behavior,

employment status, and political ideology. Religion in particular has emerged as a fundamental

cleavage in American society at the level of day-to-day interaction. From the perspective of the

culture wars that we have seen play out in the American political sphere and the past decade or

so, this may not be surprising. However, it is often assumed that the most visible participants in

these culture wars are a relatively small number of partisans. Instead, we find that Americans dif-

fer greatly in their perceived ties to people from the more secular and the more religious wings of

American society. The same is true for political orientation.

Religiosity and political orientation are more difficult toobserve than race, and so “objective”

levels of segregation on these dimensions are probably not as high as people report in the General

Social Survey. But perceptions shape lived experience, andsharp differences in the experienced

social worlds of Americans may impede understanding and tolerance for the views and lifestyles

of those who are different than oneself. We cannot, of course, measure the extent to which the “ob-

jective” and “perceived” acquaintanceship networks differ from each other. Therefore, we cannot

know whether the high segregation in acquaintanceship networks comes from structural factors

that objectively segregate Americans into different social groups, from self-selection processes,

or from a combination of masking and misperception that cause America’s acquaintanceship net-

works to be more different from one another in terms of experience than in terms of actual fact.

Nonetheless, our findings point to trust networks, the roughequivalent of “bonding” social capital,

as providing an important complement to weak ties in maintaining social integration in American

society. One cannot readily hide behaviors and values in close networks, and this fact, coupled

with the growing heterogeneity of American families, suggests that families and the close friends
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associated with them are less about “narrow identifies” and “out-group antagonisms” than Putnam

feared them to be.

Aside from technical issues concerning measurement and model specification, there are impor-

tant substantive questions raised by our results. One such issue concerns the extent to which our

measured levels of segregation are driven by the objective characteristics of the people that Amer-

icans know, and the extent to which they are driven by misperception or masking of behaviors and

opinions that Americans think would be disapproved of by their associates. A second important

issue concerns trends over time. While our study provides a baseline for the assessment of future

trends, our limited comparisons with previous studies provide some grounds for concluding that

segregation in association by race may be diminishing or at least is not increasing. We have no

firm basis for drawing any similar conclusions concerning segregation by religious behavior, po-

litical orientation, sexual orientation or the other variables measured in the 2006 GSS. Future data

collections can provide the basis for comparisons with existing data to establish a level of stability

and change in segregation of social networks along these dimensions. A final issue concerns the

causes and consequences of network segregation. The General Social Survey provides a good plat-

form for collecting descriptive information about social networks and for studying the behavioral

correlates of network structure. However, causal estimates involving these network characteristics

cannot readily be obtained from these data, and imaginativestrategies are needed in order to de-

termine the individual and structural factors that can explain heterogeneity in segregation across

individuals and over time. These are important topics for future research.
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Appendix A

Likelihood Computation

As noted in the Data and Methods Section, we used intervals (zero, one, 2-5, 6-10, or greater than

10) to ask respondents about people they know. The model originally presented in Zheng et al.

(2006) was designed for exact counts. Although the general structure of the model remains the

same, some computational modifications are necessary to adapt the Zheng et al. (2006) model for

interval data.

From the Data and Methods Section, recall that our model takes the form

yik ∼ negative binomial(mean= aib
′
k,overdispersion= ωk) (3)

whereai is the degree of respondenti andb′k is the prevalence of groupk. b′k is adjusted using the

calibration curve presented in in the next section.

We fit the model in Equation 3 using Bayesian inference. We assume that the log of the respon-

dent degree parameters, log(ai), follow a normal distribution with meanµa and standard deviation

σa. Similarly, the log of the group parameters, log(bk) are assumed to follow normal distributions

with meanµb and standard deviationσb. In both cases the hyperparameters are given noninfor-

mative uniform priors. The overdispersion parameters,ωk, are assumed to follow independent

Uniform(0,1) distributions on the inverse scale. Since overdispersion can fall in the range(0,∞)

the inverse, 1/ωk, is in (0,1). This prior specification performed well for Zheng et al. (2006) and

is consistent with observations in McCarty et al. (2001).

The full posterior distribution is thenp(a,b,µa,µb,σa,σb|y). Since our values ofyik are in-

tervals, we can partition the posterior based on these categories. Say that, given the option, the

respondent would report that she/he knows an exact count ofzik individuals in groupk. Then, letℓ

be the an indicator of the interval that an observationzik belongs to. Then, there areL intervals, one

for each level ofyik, with each interval containing one or more potential valuesof zik. For example,
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if a respondent knew three members of groupk (zik = 3) she would reportyik = “2 −5”, which

corresponds toℓ = 3, the third interval. For clarity, letyik(ℓ) be the interval ofyik that corresponds

to levelℓ. Our likelihood is expressed as

p(a,b,µa,µb,σa,σb|z) ∝
L

∑
ℓ=1

∑
zik∈yik(ℓ)

n

∏
i=1

K

∏
k=1

(

zik +η ik −1
η ik −1

)(

1
ωk

)η ik
(

η ik −1
ωk

)zik

×
n

∏
i=1

N(log(ai)|µa,σ
2
a)

K

∏
k=1

N(log(bk)|µb,σ
2
b)

×1I zik∈yik(ℓ)

whereη ik = eaib′k/(ωk−1) and 1Izik∈yik(ℓ)
is an indicator variable taking value one if the observation

is in groupℓ and zero otherwise. The final interval (greater than 10) has an unlimited number of

possiblezik values. This is not problematic since we can equivalently perform the computation for

zik ∈ [0,10] and subtract from one. Estimation is then carried out using Markov-chain Monte Carlo

(MCMC) in a fashion similar to Zheng et al. (2006).

Calibration Curve

In this section we give additional details about the motivation, derivation, and application of the

calibration curve. Killworth et al. (2003) documents that respondents have difficulty recalling ac-

curately their ties in large subpopulations and proposes several mechanisms to explain the under-

recall. One possible explanation is a process that Killworth et al. (2003) calls “dredging,” whereby

a respondent recalls one-by-one the firstm acquaintances and then estimates for all groups larger

than some sizem. This mechanism would, in theory, produce accurate responses for small groups

(less thanmacquaintances) but less reliable responses for larger groups where respondents are esti-

mating total group size rather than counting specific acquaintances (McCarty et al., 2001). Though

this mechanism seems plausible, there is no specific processfor determiningm or modeling how

estimating rather than enumerating would impact the overall accuracy of the results. Additionally,

both Killworth et al. (2003) and McCarty et al. (2001) point out that the relatively short time given
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to answer each question likely creates difficulty for respondents and is confounded with “dredg-

ing.”

Like the Zheng et al. (2006) model, our model has a nonidentifiability since the likelihood

depends on log(ai) and log(bk) only through their sum. For clarity, letai = eα i andbi = eβ k. To

identify theα ’s andβ ’s the model is renormalized by adding a constant to allα ′
is and subtracting

the constant from theβ ′
ks. One intuitive way of calculating the renormalzing constant is to set

∑eβ k = ∑{population proportion}k. (4)

This is equivalent to assuming that the average degree of individuals in these subpopulations equals

the average degree of the population. Obviously, this assumption does not apply to all of the

subpopulations in our current survey. When restricted to the subpopulations defined by the first

names, however, this assumption is fairly reasonable.

[Figure 5 about here.]

The above strategy also requires that the acquaintance tiesrecorded in the survey reflect the

distribution of ties in the social network. However, the survey did not accurately measure the

social network but rather therecalledsocial network by the respondents. Figure 5 gives a graphical

representation of the distinction between a respondent’s actual and recalled networks. For rare

groups, the respondents can recall almost all their ties with these groups, indicated by the left side

of Figure 5. The number of ties to a large subpopulationk is under-recalled. This under-recalling

is represented in Figure 5 by the increasing discrepancy between the circles corresponding to the

recalled and actual respondent network as the size of the alter group increases. The estimated

proportioneβ k from data therefore only estimate the proportion of ties involving subpopulationk

in the recalled social network. Consequently,

∑eβ k = ∑g({population proportion}k)

≤ ∑{population proportion}k.
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Here, g(·) represents therecall function. If the renormalizing constant is computed based on

equation (4) and some popular first names, the degrees of the respondents will be underestimated.26

Let eβ k be the proportion of ties in the social network that involve individual in subpopulationk.

And let eβ ′
k denote the proportion of ties in therecalledsocial network that involve subpopulation

k. Assumeβ ′
k = f (β k) and f (·) is an increasing function.

Based on our observation and also independent discussion byKillworth et al. (2003), we as-

sume that

f ′(x) → 1 asex → 0 (x→−∞)

→ 1
2 asex → 1 (x→ 0).

To simplify the inference, we assume thatf (x) = x for small populations with proportion as small

asex = ec1 (c1 < 0) and f ′(x) decreases asx increases (at most) to12 asx goes to zero. More

specifically, we assume

f ′(x) =
1
2

+
1
2

e−c2(x−c1),c2 ≥ 0, for x≥ c1,

wherec2 controls how fast and how closef ′(x) approaches12.

This gives us

f (x) = c1 +
1
2
(x−c1)+

1
2c2

(

1−e−c2(x−c1)
)

.

In this paper, we usec1 = −7, which corresponds to subpopulations that are< .1% of the pop-

ulation andc2 is to be fitted usingβ k originally estimated and the population proportions of

first names. This is because, as discussed earlier, we assumethat in the absence of recall bias,

β k ≈ {population proportion}k on average. Incidentally, we found that anc2 of approximately one

yielded the best fit.

[Figure 6 about here.]

The names used in our current survey represent subpopulations that are much smaller than

those used in the survey presented in the McCarty et al. (2001) paper (The data were actually
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collected between 1998 and 1999). That earlier survey included the name Michael, which repre-

sents 1.8% of the population. Someone whose personal network size is 600 is expected to know

600× .018≈ 11 Michaels. Though imaginable, it is difficult to recall 11 Michaels during the

limited amount of time of such a survey; therefore, the actual reported count is likely to be much

lower. In fact, in the McCarty et al. (2001) data, respondents reported knowing an average of just

under 5 Michaels. In contrast, the six names used here represent only 1.4% of the population with

the largest names, Karen and Keith, representing about .34%each. Nonetheless, we still observe

some under-recalling among respondents, particularly forthese two names. Figure 6 shows that,

particularly for the larger names, using the calibration curve improves the estimates of the frac-

tional subpopulation size. We intentionally chose names that were less popular than those used in

the previous survey, but no so rare that most respondents wouldn’t have any contact with members

of the subpopulation. This is mirrored with a larger issue discussed in further detail in McCormick

et al. (2008) and McCormick and Zheng (2007).
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Notes

1Not all scholars agree with Putnam that social capital has declined, including Ladd (1996) and Wuthnow (1998).

Costa and Kahn (2003) analyzed trend data on social capital in multiple datasets including the DDB Life Style Sur-

veys, the Current Population Surveys, the General Social Surveys, the National Election Studies and time diary studies

conducted at multiple points in time. Costa and Khan reported that some measures of social capital declined over

time, while others did not. There was no strong trend in ratesof volunteering across the multiple datasets that they

studied. GSS data show the strongest trend in membership organizations involved religious organizations. Mem-

bership in professional organizations actually rose considerably, while in other nonchurch organizations, membership

rates changed very little. Costa and Khan’s analysis of time-trend data agrees with Bianchi et al. (2006) in finding

declines in socializing time.with friends and relatives, though much of this decline appears to involve the frequency of

interaction rather than the existence of ties per se.

2Wuthnow (2002, 2003) also finds that religious involvement does not have a net effect on having friends with

lower status or with higher status people. Ties to higher status people, in contrast, do tend to be higher for those who

are members of religious congregations or who have leadership positions in these congregations.

3Tilly’s recent definition of trust is similar; according to Tilly: “Trust consists of placing valued outcomes at risk

to others’ malfeasance, mistakes or failures (Tilly, 2005,p. 12).

4We used the following names: Karen, Brenda, Kevin, Shawn, Keith, Rachel, Mark, Linda, Jose, and Maria.

While the estimated level of overdispersion with these names was relatively low, no names are truly neutral because

they vary in frequency by birth cohort and ethnicity, and these “barrier effects” will bias the estimate of degree size

(Salganik et al., 2008). To take the most obvious example, the popularity of specific names varies by ethnic group.

To determine the size of this bias, we estimated the data alternatively including and deleting the two Hispanic names

(Jose and Maria). The results were highly similar. To illustrate, the mean posterior mean of the acquaintanceship

networks differed by less than 0.25% when we alternatively included and excluded the Hispanic names, and the

estimated acquaintanceship overdispersions varied at most by 4% across the groups analyzed in this paper, which was

considerably smaller than the standard errors for these estimates.

5The question wording was of the form: “how many are you prettycertain” are gay men or women, or attend

religious services on a regular basis, or are strongly liberal etc.

6 Social networks tend to be relatively gender-integrated, which is another reason for our excluding gender as a

potential dimension of segregation (McPherson et al., 2001).

7The average person in the McCarty et al. data reported knowing 600 persons (McCormick and Zheng, 2007).

Someone with a personal network of 600 would be expected to know about 11 persons named Michael. However,

respondents reported knowing an average of just under 5 Michaels.

39



8One reviewer pointed out that if the roughly forty percent ofGSS respondents who reported high generalized trust

in fact trusted all of their acquaintances while those with low generalized trust trusted few of their respondents, the

average size of the trust network would be close to the 220 estimate that we obtained using the names generator plus

the recall function. Arguing against this interpretation is the fact that the specific prompts in the trust question imply

a behavioral connection, not a willingness to believe that one’s acquaintances are trustworthy. Also arguing against

this interpretation are the findings of Boase et al. (2006), which are similar to the estimates we obtain using the race

groups normalization. Finally, the empirical pattern in the data is not consistent with the interpretation that generalized

trusters trust their acquaintances while low trusters do not. If we use the high names-based estimate for the size of

trust networks, we find that the median number trusted for those with high generalized trust is much smaller then the

median number of acquaintances for this subgroup, and is only moderately larger than the median number trusted for

those who respond that people in general cannot be trusted. We conclude that the race-based normalization provides

a more reasonable estimate of the size of trust networks as measured by the prompt used in the 2006 GSS.

9The estimates we provide included the Hispanic names in the normalization. As noted above, our estimates differ

by a trivial amount if we exclude these names from the estimation procedure.

10The Zheng et al estimate of 610 for the Kilworth and McCarty data was larger than McCarty et al’s own estimate

of 290 (at the mean) McCarty et al. (2001) because Zheng et al used a recall correction, and because Zheng at al

normalized using the rarer names from the Kilworth and McCarty data (McCarty et al normalized using common

names from the data). Our estimate of 550 is also similar to that obtained by McCormick et al. (2008), who used a

more sophisticated approach to take barrier effects into account related to the different distribution of names across

birth cohorts.

11In supplementary models, we also included measures of the natural logarithm of size of place and dummy vari-

ables for region. Size of place does not have a significant effect on the size of acquaintanceship networks, net of the

other covariates in the model. Net of other covariates, inhabitants of New England tended to have larger acquain-

tanceship networks, while those in middle and south Atlantic states tended to have relatively small acquaintanceship

networks.

12We also estimated models with separate effects for black andHispanic and with a separate effect for foreign born.

The point estimates for black and U.S. born Hispanic were similar. The coefficients for foreign-born Hispanics, other

races, U.S. born and other races, foreign born were also similar, and therefore we combined race and foreign-born

categories in the more parsimonious model presented here. The more parsimonious model also more clearly shows

the differences by race and foreign born that are statistically significant at conventional levels. At the same time, we

acknowledge that the acquaintanceship networks of membersof other races may be underestimated because the names

of their racial/ethnic groups are not represented in the name prompts that we used in the GSS survey. More precise

information about these groups would require a more survey with a larger sample size or with an oversample of those
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in the other race category.

13The highest response category for our questions was "more than 10." Almost everyone knows more than 10

whites, and so we have relatively little information about overdispersion for this group. Because we did not assume a

hierarchical model for the overdispersion parameters themselves, the imprecise estimate for the white group does not

affect the estimates for the other groups.

14 If anything, these estimates probably underestimate the actual overdispersion, in that the majority of acquain-

tances of many blacks may also be black.

15The estimated number of people in a 400 person network who belongs to any particular social group is of course

greater than the estimated number of people that one wouldrecall from a 400 person network. The illustration could

equally well have been worked out for the recalled network asfor the total network, and the results would be the same,

with the caveat for both cases that the overdispersion refers to what egoknowsabout the people in his network rather

than what these people know about themselves.

16Some of the overdispersion in ties to those who attend churchregularly arises from the fact that, as we showed

earlier, regular church goers tend to have larger acquaintanceship networks, and these “extra” acquaintances are ho-

mophilous with respect to church attendance. In other words, religiosity raises the level of segregation of social

networks by making the networks of church goers bigger in a non-random way. A similar process would be at work if

the “extra” acquaintances that one has by virtue of being highly educated or well paid tend to be like oneself. Perhaps

bankers tend to know incrementally more rich people by the nature of their job, while the incremental acquaintances

that doctors have from their medical practices better approximate random mixing. Whatever the process that deter-

mines the size and characteristics of networks, the overdispersion parameters express the extent of segregation in these

networks as perceived by ego.

17We noted earlier that the highest non response rates were forthe religiosity and political ideology questions. If non

responders to the religiosity and political ideology did not answer the question because they did not know whether any

of their acquaintances were in a specific category, their missing answers could be interpreted as not knowing anyone

who they were sure fit the description. In such a case, our estimated overdispersions underestimate true overdispersion

in ties to people that one perceives as belong to these categories.

18Roughly 15% of establishments were missing either blacks orwhites and roughly 20% of establishments were

missing either Hispanics or whites (Tomaskovic-Devey et al., 2006).

19Racial or ethnic segregation by job is conceptually quite different from racial or ethnic acquaintanceship at work,

because people potentially interact both vertically (i.e., between superiors and subordinates) and horizontally at the

workplace.

20If we used the names normalization for trust networks along with recall correction, we would estimate the posterior

mean of the median number trusted to be a too-high 220 as opposed to the 17 we estimate when using racial groups
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to perform the normalization. As noted above, the names we used to estimate degree are too rare to provide a precise

estimate for trust networks, and produce upwardly biased estimates both because of the tendency for people to “over-

recall” ties with rare groups and because recall bias is – we argue– not as great for smaller trust networks as for larger

acquaintanceship networks. An inspection of Table 7 demonstrates the basis for this much larger estimate. In the

raw data, 44% of whites reported that they trusted 10 or fewerspecific white people, 67% of blacks reported that they

trusted 10 or fewer specific black people, and 76% of those of other races reported that they trusted 10 or fewer specific

Hispanic people. With such high proportions of the three major race groups having relatively small trust networks, the

estimate of a 220 median seems implausible. We believe the estimate of 17 is closer to the truth though probably a

lower-bound on the correct answer. As noted above, our estimate of the degree size has no impact on our estimates of

overdispersion in connections with the various populationgroups contained in our survey data.

21The large difference in the estimated size of trust and acquaintanceship networks suggests that respondents cor-

rectly reported aboutspecifictrust relations rather than about generalized trust; aboutone-third of GSS respondents

reported in the abstract that most people can be trusted, which presumably would have included the people that they

themselves were acquainted with.

22NORC asked the generalized trust question to approximately2/3 of the GSS sample that was also asked our

questions about trust, and so the sample size for model 3 is smaller than for models 1 and 2.

23However, respondents with high generalized trust know an estimated 70 more people than do those with low

generalized trust. Generalized trust is related to the number one trusts partly through its association with the number

one knows.

24Jackman and Crain’s data used a "stronger" form of acquaintanceship than used in our data. Their prompt defined

acquaintanceship as people that respondents "keep in touchwith or get together with occasionally." It seems likely

that many people who would be defined as acquaintances based on knowing their name and stopping on the street to

say hello are not people that one keeps in touch with or gets together with occasionally.

25Marsden estimated this frequency as only one-seventh as high as one would expect if people sorted themselves at

random.

26Zheng et al. (2006) observed that the estimated average degree is 384 if using all 12 names to normalize, but 739

when normalizing only on the rarer names.
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Table 1: Groups Included in the 2006 GSS Queries about SocialTies based on Acquaintanceship
and Trust

How many people are you
acquainted with/do you trust

who...

Occupations Social Groups

Are Police Officers Are currently unemployed

Are Lawyers Own a second home

Are Social Workers Are currently in state/federal
prison

Are Janitors or
Building Cleaners

Asian or Asian-American

Are Child Care
Workers

Black or African/American

Are Electricians Hispanic men or women

Are currently serving
in the Armed Forces

Gay men or women

Unmarried women living
with men in a romantic

relationship

Attend religious services on a
regular basis

Attend religious services
rarely or never

People who are strongly
liberal

People who are strongly
conservative
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Table 2: Regression of Acquaintanceship Degree on SelectedCovariates

Acquaintanceship Degree Log of Degree

Coefficient Standard Error Coefficient Standard Error

Age 30-64 24 45 0.047 0.06

Age 66+ -44 57 -0.039 0.08

highest year of school completed 22** 5 0.033** 0.01

total family income (in 10K units) 10* 4 0.015* 0.01

Income is missing 62 49 0.063 0.07

female -36 30 -0.040 0.04

black or Hispanic, U.S. born -63 40 -0.079 0.06

Foreign born or other race -147* 63 -0.26** 0.09

attend church sometimes 52 35 0.093 0.05

attend church weekly or more 149** 39 0.25** 0.05

moderate political views 3 43 -0.012 0.06

conservative political views -79 52 -0.11 0.07

widowed -31 61 -0.11 0.08

divorced 53 43 0.076 0.06

separated -33 95 0.042 0.13

never married 5 42 0.018 0.06

Constant 265** 97 5.7** 0.13

N 647 647

R2 .12 .14
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Table 3: Estimated Overdispersions for Acquaintanceship and Trust Networks

Acquaintanceship Subnetworks
Acquaintances Trust Work Associations Neighborhood Family
Median IQR Median IQR Median IQR Median IQR Median IQR MedianIQR

Kevin 1.7 (0.1) 1.0 (0.1)
Karen 1.6 (0.2) 1.1 (0.1)
Shawn/Sean 1.6 (0.2) 1.2 (0.1)
Brenda 1.5 (0.1) 1.4 (0.2)
Keith 1.2 (0.1) 1.2 (0.1)
Rachel 1.5 (0.2) 1.4 (0.2)
Mark 1.7 (0.2) 1.2 (0.1) 2.1 (0.3) 2.3 (0.4) 1.5 (0.3) 1.0 (0.1)
Linda 1.3 (0.1) 1.2 (0.1) 2.0 (0.3) 2.0 (0.3) 1.5 (0.2) 1.2 (0.1)
Jose 3.4 (0.5) 2.1 (0.3)
Maria 2.5 (0.3) 2.5 (0.4)
Asians 8.2 (1.3) 5.6 (1.0) 9.0 (1.8) 6.5 (1.4) 8.1 (2.1) 15.2 (6.4)
Blacks 10.7 (1.7) 6.8 (0.8) 10.7 (2.0) 13.4 (2.7) 14.8 (3.5) 78.6 (33.3)
Hispanics 8.8 (1.3) 7.2 (1.2) 12.8 (2.2) 8.7 (1.4) 10.6 (2.2) 24.6 (8.2)
Whites 44.5 (12.3) 9.9 (1.6) 29.7 (10.7) 44.0 (20.1) 29.5 (10.2) 209.4 (68.8)
Unemployed 10.3 (1.5) 5.3 (0.9) 14.9 (4.4) 10.6 (2.3) 12.5 (3.3) 5.3 (0.9)
Own second homes 4.1 (0.6) 3.0 (0.5) 5.7 (1.2) 8.0 (1.8) 3.6 (0.8) 2.6 (0.4)
In prison 3.7 (0.7) 2.8 (0.9) 4.0 (1.5) 7.6 (3.4) 12.6 (8.0) 3.4 (0.9)
Gay men or women 5.7 (0.8) 4.0 (0.6) 4.5 (0.7) 4.7 (0.9) 4.6 (1.1) 2.5 (0.5)
Women who are cohabiting 6.1 (0.9) 4.0 (0.5) 7.7 (2.0) 14.7 (3.2) 7.7 (1.6) 9.6 (2.2)
Attend church regularly 11.5 (2.2) 7.3 (1.0) 10.9 (2.9) 18.7(4.9) 9.0 (2.0) 8.2 (1.5)
Attend church rarely/never 11.5 (2.0) 6.2 (0.8) 7.1 (1.7) 7.9 (1.9) 6.2 (1.2) 6.1 (0.9)
Strongly liberal 7.9 (1.3) 5.4 (0.6) 9.4 (2.3) 9.5 (2.6) 7.6 (1.6) 9.0 (1.7)
Strongly conservative 8.3 (1.1) 5.2 (0.7) 5.3 (0.9) 8.4 (1.6) 4.3 (1.0) 4.4 (0.9)
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Table 4: Deviation from Random in 400 Person Acquaintanceship Networks

Expected Count Probability of knowing <=10

Persons who (are) Random Estimated Odds Ratio

Unemployed 24 0.00 0.18 202

Own second homes 24 0.00 0.06 55

In prison 4 1.00 0.91 0

Asians 17 0.05 0.33 9

Blacks 48 0.00 0.01 >1000

Hispanics 52 0.00 0.00 >1000

Whites 291 0.00 0.00 >1000

Gay men or women 20 0.01 0.17 19

Women who are cohabiting 17 0.05 0.28 7

Attend church regularly 125 0.00 0.00 >1000

Attend Church Rarely/Never 168 0.00 0.00 >1000

Strongly liberal 60 0.00 0.00 >1000

Strongly conservative 78 0.00 0.00 >1000
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Table 5: Regression of the Logarithm of Estimated Trust Degree on Selected Covariates

Model I Model II Model III

Age 25-34 0.17 0.21* 0.30*

Age 35-44 0.19 0.15 0.16

Age 45-54 0.11 0.11 0.16

Age 55-64 0.13 0.10 0.033

Age 66+ 0.23 0.28** 0.23

highest year of school completed 0.031** 0.008 0.002

total family income (in 10K units) 0.01 0.001 -0.003

Income is missing 0.025 -0.025 -0.081

female -0.078 -0.052 0.006

Black or Hispanic, U.S. born -0.14* -0.072 -0.08

Other race or Foreign born -0.38** -0.20* -0.23*

attend church sometimes 0.15* 0.078 0.12*

attend church weekly or more 0.28** 0.096 0.20**

moderate political views -0.038 -0.019 0.018

conservative political views -0.049 0.045 0.052

widowed -0.17 -0.11 -0.098

divorced 0.015 -0.037 -0.019

separated -0.09 -0.095 0.02

never married 0.065 0.047 0.069

estimated acquaintance degree/100 0.27** 0.29**

(estimated degree/100)**2 -0.013** -0.015**

(estimated degree/100)**3 0.000** 0.000*

Cannot trust most people -0.10

Whether one can trust "depends. . . " -0.12

Intercept 2.2** 1.4** 1.39**

Number of observations 642 642 415
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Table 6: Deviation from Random in Median Size (17) Person Trust Network

Expected Count Probability of Trusting No One

Persons who (are) Random Estimated Odds Ratio

Unemployed 1 0.36 0.67 3.6

Own Second Homes 1 0.36 0.57 2.4

In Prison 0 0.84 0.91 1.8

Asians 1 0.49 0.76 3.4

Blacks 2 0.13 0.51 7.0

Hispanics 2 0.11 0.50 8.0

Whites 12 0.00 0.04 >1000

Gay Men or Women 1 0.43 0.67 2.8

Women who are Cohabiting 1 0.24 0.51 3.3

Attend Church Regularly 5 0.00 0.19 47

Attend Church Rarely/Never 7 0.00 0.08 109

Strongly Liberal 3 0.08 0.37 7.0

Strongly Conservative 3 0.04 0.27 9.9
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Table 7: Distribution of Trust of Other Races, by Own Race

Own Race

Number of White Black Other

Whites trusted 0 4% 31% 20%

1 34 16 15

2-5 20 36 34

6-10 17 4 12

11+ 56 14 20

N 504 87 61

Blacks trusted 0 48% 14% 52%

1 15 5 16

2-5 25 26 24

6-10 7 23 3

11+ 5 33 5

N 504 88 63

Hispanics trusted 0 60% 64% 39%

1 13 12 8

2-5 20 21 18

6-10 4 1 11

11+ 4 2 24

N 506 87 62
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Figure 1: GSS Sample Design
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Figure 2: Estimated Distribution of Number of Acquaintanceships
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Figure 3: Estimated Distribution of Number Trusted
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Figure 4: Number Trusted v. Number Known
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Figure 5: Comparing the actual network to the recalled network for a sample respondent. Outer
circles represent potential alter groups and have radii proportional to the size of the alter group. For
smaller alter groups, the difference between the recalled network and the actual network is small.
As the alter group size increases, however, the amount of recall bias becomes more significant.
The calibration curve, illustrated at the top of the diagram, addresses this issue.
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Figure 6:Estimated fractional subpopulation size with and without the calibration curve. The solid line is
they = x line. Names written in capital letters represent estimatesusing the calibration curve. Lowercase
letters are estimates without the calibration curve.
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