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ABSTRACT

Contexts are important social determinants of individual health trajectories and
population level patterns of health disparities. This dissertation examines three types of
contexts—social networks, physical environments, and social positions—using innovative
quantitative approaches. Chapter 1 examines the intersectional social positions created by
interlocking social identities—race/ethnicity, sex, income, education, and age—and their
relationship to health disparities in the obesity epidemic. We outline an innovative analytic
approach to evaluating intersectionality using multilevel models. After adjustment for the
contributions of the main effects, a large intersectional effect remains. While clear social
patterning emerges, interactions are not necessarily patterned according to ‘multiple jeopardy’
and ‘multiplicative benefit’ as might have been expected. These findings reveal the complex
social patterning of the obesity epidemic, and challenge us to consider possible refinements to
intersectionality theory.

Chapter 2 evaluates whether U.S. adolescent social networks are segregated by family
income level. Network segregation or integration may affect adolescent health trajectories
through a variety of pathways, yet the extent to which networks are socioeconomically
segregated is poorly understood. We approach the evaluation of income segregation through a
novel lens by explicitly considering three scales of analysis within social networks: the network

community level, the dyadic level, and a level in between. We find evidence of income

il



segregation at all three levels, though this segregation is neither extreme nor universal. Family
income appears to be a socially salient factor in the structure of adolescent social networks.

In Chapter 3, three contexts of relevance to the adolescent obesity epidemic—schools,
neighborhoods, and social networks—are examined simultaneously. Using a novel combination
of social network community detection and cross-classified multilevel modeling, we compare the
contributions of each of these contexts to the total variation in adolescent body mass index.

After adjusting for relevant covariates, we find that the school-level and neighborhood-level

contributions to the variance are modest compared with the network community-level. These
results are robust to multiple sensitivity tests. This study highlights the salience of adolescent
social networks and indicates that they may be a promising context to address in the design of

health promotion programs.
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DISSERTATION INTRODUCTION

Contexts come in many, varied forms, and the term can refer to environmental contexts,
such as schools and neighborhoods, to social contexts such as social networks, and to social
positions, which I define as locations within a larger social, political, and economic context. All
three categories of context are socially defined, constructed, and perpetuated, and all three fall
within the scope of what social epidemiologists and medical sociologists call the social
determinants of health. Social determinants of health are often referred to as the causes of
causes of both individual health trajectories and the social patterning of population health
disparities (Berkman and Kawachi 2000). This is because social determinants—particularly
social contexts—shape the health-promoting and health-harming behavior choices of individuals
and populations, both by constraining the choices individuals can make, and by influencing their
attitudes, beliefs, and preferences towards certain behaviors. Social epidemiology encourages us
to look upstream in the causal pathways that result in poor health and health disparities, to ask:
“what is the root cause?” Understanding how social contexts are structured and how population
health varies across different contexts is of central concern to the field. This dissertation
addresses contexts in all three forms, and seeks to contribute substantively to our understanding
of them through the application of novel analytic approaches.

In its topical focus and the theoretical traditions from which it draws, this dissertation is
explicitly situated within both social epidemiology and medical sociology. Chapter 1 draws on
intersectionality theory, which posits that inequalities are generated by numerous interlocking
systems of oppression such as racism, classism, and sexism (Collins 1990, Crenshaw 1989,
McCall 2005, Nash 2008), to approach the evaluation of the relationships between social

positions and health disparities in the obesity epidemic. While social disparities in the obesity



epidemic have been widely documented along racial/ethnic, socioeconomic, gender, and age
lines (Clarke et al. 2009, McLaren 2007, Ogden et al. 2012, Sobal and Stunkard 1989), the extent
to which these multiple dimensions interact with each other to produce patterns of health
disparities is still poorly understood. Are there, for instance, particular intersections of social
identity, such as among black females of low socioeconomic status, where individuals
experience multiple jeopardy to their health, or a burden above and beyond what might be
expected based on the additive effects of each dimension of social identity? Conversely, are
there multiply advantaged populations, such as white males of high socioeconomic status, who
enjoy a multiplicative benefit, or additional protections to their health above and beyond what
might have been expected? Resolving this issue is critical to understanding the true social
patterning of the obesity epidemic across advantaged and disadvantaged social positions in
society.

The limitations of currently available quantitative methods, including model inefficiency
and lack of interpretability, have led intersectionality researchers to call for innovations in
current methods (Bowleg 2012, Dubrow 2008, Hum and Simpson 2003, McCall 2005, Veenstra
2011, Veenstra 2013). In addition to contributing substantively to our understanding of the
intersectionality of the obesity epidemic, Chapter 1 outlines a novel quantitative analysis
approach to studying intersectionality. Briefly, this approach involves applying a two-level,
hierarchical multilevel model (Raudenbush and Bryk 2002) that nests individuals (level 1) within
their social positions (level 2), as defined by the intersectional identities of their race/ethnicity,
sex, income, education and age. This study broadens our vision for the potential uses of

multilevel models across a range of research questions in public health and the social sciences.



Chapter 2 addresses the structuring of adolescent social networks by socioeconomic
status. Understanding adolescent network segregation by socioeconomic status is vital due to the
implications of segregation (or integration) for the health, educational trajectories, and well being
of adolescents. Social network segregation or integration by family income level could affect
adolescent health outcomes through numerous pathways, yet the extent to which adolescent
social networks are segregated is largely an unknown. This study therefore seeks to contribute
substantively to our ability to characterize adolescent network segregation by family income
level.

Care is taken to consider the multiple scales at which segregation may exist within a
social network—ranging from the social network community (or social clique) level to the
dyadic (or pair) level, and at points in-between. Scales other than the dyadic level are rarely
considered explicitly in network segregation research (for one exception see: Gonzalez et al.
2007), and often findings from the dyadic level are assumed to represent findings at other levels
as well (Burgess, Sanderson and Umana-Aponte 2011, Cohen 1979, Maharaj and Connolly 1994,
Mouw and Entwisle 2006). Yet this assumption may not be a valid one. For instance, some
individuals may enjoy diversity in their general social group (i.e., the network community or
social clique to which they belong), but will preferentially nominate individuals who are more
similar to them when identifying their closest friends at the dyadic level. Therefore there is no
guarantee that segregation at the dyadic level implies segregation at the network community
level as well. This Chapter explicitly deals with the issue of scale, and applies relatively new
methods from the field of network science—algorithms for network community detection
(Fortunato 2010, Porter, Onnela and Mucha 2009)—in order to more fully characterize clustering

by family income level within adolescent networks.



Chapter 3 addresses the issue of adolescents living and interacting within multiple
contexts simultaneously. Social networks, schools and neighborhoods have all been implicated
as potentially relevant contexts in shaping the adolescent obesity epidemic (Fletcher, Bonell and
Sorhaindo 2011, Richmond and Subramanian 2008, Richmond et al. 2015, Townsend, Rutter and
Foster 2012). Yet these contexts are very often studied in isolation. Resent methodological
innovations in cross-classified multilevel modeling (CCMM) (Rasbash and Goldstein 1994) have
enabled researchers to begin to compare the relative and simultaneous contributions of schools
and neighborhoods to variation in health behaviors and outcomes.

The missing piece thus far has been social networks. Addressing this gap in our current
knowledge is critical for two reasons. First, omitting potentially relevant contexts from analyses,
particularly those using CCMM, may result in omitted context bias, or the attribution of variance
associated with the omitted level to the included level or levels (Dunn et al. 2015, Meyers and
Beretvas 2006). Second, understanding the relative contributions of each context to clustering of
obesity status would perhaps enable researchers and policy makers to more effectively target
interventions and policies to address heath inequalities. In this Chapter, network community
detection algorithms and cross-classified multilevel modeling are combined in a novel way in
order to compare the contributions of each of three contexts—schools, neighborhoods, and social
networks—to the total variation in adolescent body mass index (BMI). In addition to
contributing to our substantive understanding of the contributions of these three contexts in
shaping the adolescent obesity epidemic, Chapter 3 outlines this novel analytic approach.

While each Chapter of this dissertation stands independently, they are unified by two
themes. The first is a substantive focus on contexts—how they are structured and how health

disparities are patterned according to context. The second theme is methodological innovation in



social determinants research. Studying the social determinants of health from a quantitative
perspective requires sophisticated methods, yet often the limitations of existing methods pose
considerable challenges to researchers and to the advancement of the field. With this dissertation

I seek to add to our methodological repertoire for the study of the social determinants of health.
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ABSTRACT

Social disparities in the obesity epidemic along racial/ethnic, socioeconomic, gender, and
age lines reflect a social patterning generated by numerous interlocking systems of oppression,
including racism, classism, and sexism. However, the extent to which social categories interact
is poorly understood. We outline an innovative analytic approach to evaluating intersectionality
using multilevel models, and apply it to examine patterns of body mass index and obesity in the
adult U.S. non-incarcerated population using Wave 2 of the National Epidemiologic Survey on
Alcohol and Related Conditions (N = 32,788). After adjustment for the contributions of the main
effects, 35% of between-strata variability for BMI, and 22% for obesity, remains unaccounted
for, indicating a potentially large interaction effect. Many strata (22.8%) experience an
interaction effect comparable to being in the highest income level relative to the lowest. While
clear social patterning emerges, interactions are not necessarily patterned according to ‘multiple

jeopardy’ and ‘multiplicative benefit.’
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CHAPTER 1: OBESITY AND BODY MASS INDEX DISPARITIES AT THE INTERSECTION OF MULTIPLE

SocCIAL CATEGORIES: EVALUATING THE EMBODIMENT OF INTERSECTIONALITY AND INTERACTIONS

INTRODUCTION

The obesity epidemic is a significant concern for medical sociologists and
epidemiologists due both to obesity’s numerous comorbidities (Ferraro and Kelley-Moore 2003,
National Institute of Health 1998), and to the increased likelihood that overweight and obese
individuals will experience weight-based discrimination and stigma (Carr and Friedman 2005,
Carr and Friedman 2006, Hebl and Xu 2001). Social disparities in the obesity epidemic have
been documented along racial/ethnic, socioeconomic, gender, and age lines (Clarke et al. 2009,
McLaren 2007, Ogden et al. 2012, Sobal and Stunkard 1989) reflecting the expected social
patterning of health status across society (Ben-Shlomo and Kuh 2002, Berkman and Kawachi
2000, Boardman et al. 2001, Boardman et al. 2005, Krieger 2011, Link and Phelan 1995,
Mirowsky and Ross 2003, Schulz et al. 2000, Seng et al. 2012). Yet the extent to which these
dimensions of social identity, status and position intersect and interact is poorly understood.
Simply presenting the prevalence of obesity at each point of intersection, as in Flegal et al (2010),
illustrates the social patterning of obesity in absolute terms, but it is unclear whether particular
intersections (for instance, white females of age 60 years or more) are exhibiting the prevalence
of obesity we might expect based on the additive effects of their sex, race and age, or whether
they are more burdened or resilient than might have been expected. While these interactions can
be, and often are (e.g., Ailshire and House 2011, Veenstra 2013), accounted for in regression
models through the use of multiple interaction terms, such models are inefficient and the results
are difficult to interpret when numerous dimensions of social identity, status and position are

evaluated simultaneously. For instance, inclusion of five widely evaluated dimensions—sex,

12



race/ethnicity, education, income, and age—can require the inclusion of hundreds of first-order,
second-order, and higher-order interaction terms. This can create substantial interpretation
problems. Additionally, insufficient samples at each point of intersection may result in unstable
estimates. Yet failing to simultaneously address these numerous dimensions may cause us to
miss important aspects of obesity disparities (Bowleg 2012, Chang and Lauderdale 2005, Davey
Smith 2000, Farmer and Ferraro 2005, Schnittker 2004, Schulz and Mullings 2006, Warner and
Brown 2011). We propose an innovative approach to evaluating the intersection of multiple
social positions—multilevel (hierarchical) modeling of individuals nested within intersectional
social identities—and apply it to examine patterns of body mass index (BMI) and obesity in the
United States.

This study takes an explicitly intersectional approach to the study of health disparities.
Intersectionality theorists argue that inequalities are generated by numerous interlocking systems
of oppression such as racism, classism, and sexism (Collins 1990, Crenshaw 1989, McCall 2005,
Nash 2008), and push back against the “additive approach” (Bowleg 2008), which treats the
advantages or disadvantages conferred through simultaneous occupation of multiple social
positions as simply accumulated. Instead, proponents argue that the intersection of multiple
social dimensions creates unique social positions—which we refer to as social strata—with their
own sets of societal expectations, stereotypes, opportunities, disadvantages, and sources of
resilience (Kang and Bodenhausen 2014). From a complex interplay between structure and
action (Bourdieu 1984), these unique social experiences become embodied through a multitude
of intermediary pathways (Krieger 1994, Krieger 2011), and result in the intersectional
patterning of health statuses and behaviors (Brown, O'Rand and Adkins 2012, Rosenfield 2012,

Schulz and Mullings 2006, Seng et al. 2012, Veenstra 2013, Warner and Brown 2011). This
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intersectionality is detectable in a quantitative, fixed effects framework using interaction terms in
regression models. The observed social patterning of obesity disparities along socioeconomic,
racial/ethnic, sex and gender, and age dimensions (Clarke et al. 2009, Flegal et al. 2010,
McLaren 2007, Ogden et al. 2012, Sobal and Stunkard 1989) indicates that taking an explicitly
intersectional approach will likely deepen our understanding of obesity disparities.

The disadvantages of the fixed effects (FE) approach, however, are clear and often
discussed in the literature (Bowleg 2012, Dubrow 2008, Hum and Simpson 2003, McCall 2005,
Veenstra 2011, Veenstra 2013). First, as the number of main effect predictors increases, the
number of interaction terms required increases geometrically, and most studies are forced to limit
the scope of their analyses due to insufficient sample size in many strata. Second, partitioning
the total intersectional effect for a particular stratum into many interaction parameters will
generally reduce the magnitude of each parameter—thus reducing the likelihood of detecting an
interaction. Third, even in cases where fitting such unwieldy models is possible, identifying and
interpreting overarching patterns in the results limits the usefulness of such analyses. In the
words of one prominent intersectionality scholar: “it is nearly impossible to publish grandly
intersectional studies...using the categorical approach [wherein multiple categories are
considered and compared]: the size and complexity of such a project is too great to contain in a
single article” (McCall 2005). We tend to limit the visualizations we use when communicating
the multidimensional nature of inequalities to two or three dimensions (e.g., sex and race and
education) (Clarke et al. 2009, Ogden et al. 2012, Pamuk et al. 1998) for precisely this reason—
because illustrations with more dimensions than that are usually unintelligible.

In this study we propose an innovative approach to quantitative intersectionality

research—the application of multilevel models to evaluate the intersectionality of social strata.
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While this approach has its own limitations and should certainly not be considered as a “free
lunch” that addresses all limitations of currently available methods, we will argue that it does
provide a more efficient and stable estimating procedure, and more importantly that it enables
significantly improved interpretability of results.

Generally speaking, multilevel (or hierarchical) models partition the residual variation in
a model into within-group and between-group variation (Raudenbush and Bryk 2002). Typically
multilevel models are used when we wish to model the clustering of subjects by some observable
clustering unit (e.g., children clustered by neighborhood) or when we wish to compensate for
artifacts of the data collection processes (e.g., cluster-based sampling). However, multilevel
models are capable of handling a more abstract type of clustering. Statistically relevant
clustering occurs when the clustered units share something that creates similarity between them
and ignoring this clustering would violate the regression assumption of independence. While the
clustered individuals may share something concrete—Ilike a neighborhood—they may also share
something abstract, like a common set of social exposures. In other words, they occupy the same
social stratum as defined by their sex, race, education, and so on.

The major objectives of this study are as follows. First, to evaluate the extent to which
variation between social strata with respect to body mass index and obesity is attributable to
intersectionality—above and beyond the additive effects. Second, to identify those strata that
exhibit the greatest degree of intersectionality (i.e., deviate the most from what is predicted based
on the additive effects). The notion of “multiple jeopardy” has been at the heart of
intersectionality since the beginning, with its emphasis on the experiences of black women of
low socioeconomic status (Collins 1990, McCall 2005, Nash 2008). Yet the question of whether

white males of high socioeconomic status, for instance, enjoy a “multiplicative benefit” that
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counterpoints multiple jeopardy has yet to be resolved. We define “multiplicative benefit” as a
beneficial effect that goes above and beyond the additive benefits of occupying multiple
advantaged positions. This “unresolved theoretical dispute makes it unclear whether
intersectionality is a theory of marginalized subjectivity or a generalized theory of identity”
(Nash 2008:10). Therefore, the third objective of this study is to determine whether multiply
disadvantaged strata exhibit signs of “multiple jeopardy” while multiply advantaged strata enjoy

a “multiplicative benefit.”

DATA AND METHODS

Data

The National Epidemiologic Survey on Alcohol and Related Conditions (NESARC) is a
longitudinal study that was launched in 2001 by the National Institute on Alcohol Abuse and
Alcoholism (NIAAA). It was designed to include a representative sample of the United States
non-incarcerated civilian population, including citizens and non-citizens, aged 18 years and older
who are residing in the United States and the District of Columbia. Its purpose was to determine
the magnitude of population-level trends in alcohol-related disorders and to estimate the
magnitude of health disparities. In this study, only data from Wave 2 of NESARC is used. For
details about NESARC Wave 2, refer to Grant and Kaplan (2005). Wave 2 NESARC data was
collected between 2004 and 2005, and the data is currently de-identified and publicly available.

The large sample size and intentional oversampling of young adults, Hispanics, and non-
Hispanic blacks, by NESARC means that the data is sufficiently diverse to provide reasonable

sample size within most evaluated social strata. In a smaller data set, or one that was less diverse,
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it would be difficult—despite the advantages of the multilevel modeling approach—to estimate

strata effects.

Outcomes: Body Mass Index and Obesity

Body mass index (BMI), calculated as body weight in kilograms divided by height in
meters squared, is commonly used to classify individuals as underweight, normal weight,
overweight, and obese. In this study both BMI and obesity (BMI > 30 kg/m?) are evaluated;
BMI is treated as continuous and obesity as dichotomous [1 = yes, 0 =no]. In Wave 2 of

NESARC, the respondents’ height and weight were elicited through self-report.

Social Dimensions and Strata

The social dimensions used to construct both the main effect predictors and the social
strata were selected on the basis of being commonly used social dimensions in intersectionality
and obesity research—sex, race/ethnicity, education, income, and age. All of these demographic
variables were self-reported. Missing demographic data were imputed by the Census Bureau,
and are included in the publicly available data set. For a detailed description of imputation
methods used, refer to Grant et al (2003). Whenever possible, missing values were assigned
using information provided by the respondent elsewhere in the surveys. Values were also
imputed using information derived from other responding households with a variety of similar or
matching characteristics.

It 1s vital to acknowledge from the outset that the categorizations used in this study
undoubtedly overlook a significant amount of intracategorical and intercategorical complexity
(McCall 2005, Warner 2008). This is particularly true with respect to gender, sexuality and
race/ethnicity (Campbell and Troyer 2007, Frank, Akresh and Lu 2010, Jordan-Young 2010,

Monk 2014a, Monk 2014b, Pfeffer 2014, Villarreal 2010, Worthen 2013). However, this data
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and our reliance on these admittedly rough and sometimes arbitrary classifications does enable
us to examine in the social patterning and intersectionality of the obesity epidemic across a large
and nationally representative sample of the U.S. population.

Sex. Interviewers who conducted the survey were instructed to ask the respondent what
their sex was, if the sex of the respondent was “not apparent.” Respondents were given the
option of Male or Female.

Race/Ethnicity. Respondents were asked, “Are you of Hispanic or Latino origin?” and
were instructed to “select 1 or more categories to describe your race” with the options:
American Indian or Alaska Native, Asian, Black or African American, Native Hawaiian or Other
Pacific Islander, and White. According to the NESARC Data Notes, where more than one race
or ethnicity was reported, a Census Bureau algorithm to code a single racial category was used.
When more than one classification was selected by the individual, a single racial/ethnic category
was selected from all those chosen in the following order of preference: (1) Hispanic or Latino,
all races, (2) black or African American, (3) American Indian and Alaska Native, (4) Native
Hawaiian and Other Pacific Islander, (5) Asian, (6) white. Only three racial/ethnic categories are
included in this analysis—(1) white, not Hispanic or Latino, (2) black, not Hispanic or Latino,
and (3) Hispanic or Latino—because other categories had insufficient sample size for this
analysis. For simplicity we refer to these categories using the shorthand white, black and
Hispanic.

Education. Education was measured in Wave 1 using self-report with a single item:
“What is the highest grade or year of school that you completed?” and this information was
updated (if necessary) with information collected in Wave 2. Fourteen response categories were

provided by the survey; for the purposes of this analysis these categories were condensed into
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four: (1) less than high school (11 years or less), (2) completed high school (12 years plus degree
or equivalency such as GED), (3) some college no degree, (4) college degree or more (including
bachelor’s degree, completed associate’s or other technical 2-year degree, or graduate or
professional studies). These categories were selected for two reasons: first, they reflect socially
significant distinctions in educational achievement, and second, it partitioned the full sample into
roughly equivalent groups.

Income. In Wave 2 of NESARC, annual family income was measured using the
following item: “During the last 12 months, what was YOUR TOTAL COMBINED FAMILY
income received from jobs, businesses, and ALL OTHER SOURCES WE JUST TALKED
ABOUT? Include ONLY immediate family members living in this household and report income
before taxes and other deductions or net income after business expenses for self-employed family
members. Include any tips, bonuses, overtime pay or commissions.” Income sources included
food stamps. If an answer was not provided, a second question designed to provide income
ranges was asked: “Can you tell me which category on this card best represents YOUR TOTAL
COMBINED FAMILY income in the last 12 months?” Twenty-one response categories ranging
from ‘Less than $5,000” to ‘$200,000 or more’ were provided as options.

In this study, annual family income was standardized by the number of related persons
living in the household (including the respondent and children). For simplicity, we refer to this
henceforth simply as income. The twenty-one income categories were condensed into four
categories based on percent of the poverty threshold in 2000 (U.S. Census Bureau 2012)—Ilow-
income (below 100%), low-middle-income (100% to 199%), high-middle-income (200% to
399%), and high-income (400% or more). Cutoff values were derived based on estimates for a

single person under the age of 65.
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Age. Age was self-reported and recorded as ranging from 18 to 90 or older. Though
measured continuously, we partition age into four categories—(1) 18 to 29 years, (2) 30 to 44
years, (3) 45 to 59 years, (4) 60 years and older. These categories were determined based on two
factors—a need to distinguish socially meaningful age categories balanced against the benefits of

distributing the sample roughly equally between the four categories.

Analysis

The proposed model is a two-level hierarchical model with individuals (level 1) clustered
within social strata (level 2). Each social stratum is assigned a unique identifying number and a
separate stratum is defined for every combination of social categories considered.

In order to control for the ‘additive’ aspects of the social categories considered, main
effect predictors such as ‘female sex’ are included in the model as fixed effects. It is critical to
note that, contrary to most multilevel models where social categories such as race and income are
individual-level covariates, here such covariates are properties of the strata level. Critically, no
interaction terms between these predictors are included. The stratum-level residual for each
stratum therefore encompass the entirety of the interaction effect, and it is therefore possible to
determine for a given stratum how much the prevalence of obesity, for instance, differs from
what was ‘expected’ based on the contributions of the main effects alone. The strata-level
residuals are assumed to be normally distributed, and it is the strata-level random effect (RE)
variance term that characterizes the extent of intersectionality across all social strata. A large
between-strata variance would imply that—for most strata—the main effects do an inadequate
job of capturing the embodiment of the outcome of interest. On the other hand, a small between-
strata variance would imply that main effects do a relatively good job and that few (if any) strata

demonstrate intersectionality.

20



In its most general form, the linear model is specified as:

Yij = Prj+ toj + eojj
Level 2: [ﬂO]] ~ N( 0 ) O-Zstrata )
Level 1: [eo;] ~N (O, %)

where Yj; is the value of the outcome for respondent i in stratum j. y; is a vector of the main
effect predictors for respondent i and f is a row vector of associated parameter values. The
difference between the average value of the outcome in stratum j and the expected value of Y
based on the main effects is given by the strata-level residual 4 j, which is normally distributed
with mean 0 and variance o°;,,,. The difference between the value of the outcome for
respondent 7 in stratum j and his or her stratum’s average is given by eg;;, which is also normally
distributed with mean 0 and variance o2,. The two key parameters estimated by this model are
the random effects parameters—azmm (the between-strata variance) and o’ 0 (the within-strata
variance). Note that a logistic version of this model, as required for the obesity outcome, does
not estimate the within-strata variance.

In the empirical analysis, two multilevel models are fit for each outcome—a null model
and a main effects model (which includes the main effect predictors). From these two models
are derived the key estimates of interest. In the null model the between-strata variance term
(02 srata) TEPrEsents the toral amount of variability between strata, including that which is
contributed by the main effects. In the main effects model, the same parameter is what remains
after the main effects are adjusted for—the amount of between-strata variability potentially

attributable to intersectionality. Thus dividing the strata-level variance term from the main
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effects model by the strata-level variance term from the null model provides an estimate of the
proportion of the between-strata variability that is potentially attributable to intersectionality
(assuming all relevant main effect parameters have been accounted for) for each outcome.
Linear models are fit for the continuous BMI outcome, while logistic models are fit for the
dichotomous obesity outcome.

In this analysis, the five social dimensions considered have the following number of
categories each: sex (2), race/ethnicity (3), education (4), income (4), and age (4). This means
that—treating all of the FE predictors as categorical—there are 12 FE predictors included in the
model. Note that all predictors are dummy variables [ 0 =no, 1 = yes]. The individuals at level
1 are nested within the strata (N = 384) at level 2.

For the purposes of comparison, a more traditional model using ordinary least squares
(OLS ) estimation is also fit for each outcome. These OLS models include a full compliment of
fixed effect dummy variables—one for each stratum. The OLS model and main effects
multilevel model were compared based on Bayesian Information Criterion (BIC), a standard
criterion measure which takes into account both model fit and parsimony, to empirically evaluate
which approach is more efficient. The strata-specific values of mean BMI and percent obese
were obtained from both models and graphically compared in order to determine whether the
multilevel model provides more stable estimates (i.e., the OLS approach does not adequately

address estimation for strata with very small sample size).

RESULTS

From the initial sample size of N = 34,653 in Wave 2 of NESARC, 330 respondents were
excluded on the basis of missing responses to the height and weight items necessary for

calculating BMI and obesity status, and a further 1,535 were excluded because they were not
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classified in the three race/ethnicity categories considered. The final sample size analyzed
includes 32,788 respondents. The demographic profile of the sample is provided in Table 1.1.
The sample is predominantly white non-Hispanic (61%) and female (58%), and is fairly well

distributed across the various education, income, and age categories.

Table 1.1. Descriptive Characteristics of Sample

Frequency N BMI % Obese
Mean (Std) BMI = 30

TOTAL 32788 27.90 (6.04) 29.49
Sex

Male 13840 27.96 (5.11) 27.16

Female 18948 27.85 (6.64) 31.20
Race / Ethnicity

White Non-Hispanic 19955 27.26 (5.78) 25.49

Black Non-Hispanic 6526 29.50 (6.67) 40.58

Hispanic / Latino 6307 28.25 (5.83) 30.70
Education

Less than high school 5243 28.40 (6.35) 33.09

Completed high school 9038 28.41 (6.29) 33.07

Some college no degree 7043 27.93 (6.07) 29.99

College degree or more 11464 27.24 (5.61) 24.72
Income (% Poverty Threshold in 2000)

Low income (Below 100%) 7666 28.57 (6.89) 33.89

Low-middle income (100% to 199%) 9144 28.01 (6.06) 31.20

High-middle income (200% to 399%) 9548 27.71 (5.67) 27.72

High income (400% or more) 6430 27.20 (5.35) 24.45
Age

18 to 29 years 4628 26.96 (6.02) 24.68

30 to 44 years 9975 28.06 (6.18) 30.45

45 to 59 years 9148 28.63 (6.20) 33.52

60+ years 9037 27.44 (5.63) 26.83
US Region

South 12485 27.92 (6.08) 29.80

Northeast 5757 27.90 (6.09) 29.29

Midwest 6190 28.05 (6.01) 30.58

West 8356 27.74 (5.97) 28.37

Note: Estimates are unadjusted for disproportionate sampling and therefore represent sample estimates
(unadjusted sample proportions), not population estimates.
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The raw values for mean BMI and percent obese by the various demographics (Table 1.1)
are as expected. Higher education and income levels experience lower raw mean BMI scores
and a smaller percentage of obese individuals; Hispanics and non-Hispanic blacks are more
likely to be obese than non-Hispanic whites, and females are more likely to be obese than males.
Age effects are also discernible, though not as clearly patterned.

The number of observations per stratum is important to consider in this analysis. While
the multilevel approach accounts for the number of observations in strata by adjusting the
estimates for strata means (estimates for strata with small sample size are pulled towards the
global mean, and thus the residuals are pulled towards 0), it is still necessary to ensure that a
sufficient proportion of strata have a reasonable number of observations. In this case, the sample
size is sufficiently large and well distributed across the strata to prevent significant
underestimation of the between-strata variability. Of the 384 strata considered in this analysis,
382 have at least one observation, and most have reasonable sample sizes (Table 1.2); 81% of
strata have 20 or more respondents. Predictably, those strata with the fewest observations
represent particularly unlikely combinations, such as those with both low education and high

income.

Table 1.2. Number and Percent of Strata of a Given Sample Size (out
of 384 possible strata)

Sample Size Per Strata Frequency of Strata N (%)
100 or More 106 (27.60%)
50 or More 200 (52.08%)
30 or More 265 (69.01%)
20 or More 311 (80.99%)
10 or More 347 (90.36%)
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All multilevel analyses were conducted in MLwiN version 2.26 (Rasbash et al. 2012)
using Bayesian Markov Chain Monte Carlo (MCMC) estimation procedures (Browne 2009).
The regression models were first fit using IGLS estimation to provide the Bayesian MCMC
procedure with initialization values; Non-informative priors were used in all analyses. The main
effect estimates did not differ significantly between the IGLS and MCMC procedures. The OLS
version of the model was fit using IGLS.

The results of all multilevel models are presented in Table 1.3 (BMI) and Table 1.4
(obesity). It is first important to note that BMI is patterned as expected in the population.
Comparing the highest to the lowest, increased education and income are associated with lower
BMI. Compared with 18 to 29 year olds, older age groups experience higher BMI on average,
but particularly those between 30 and 59 years. Minorities experience higher expected BMI
scores than whites and females experience higher scores than males. The logistic models of
obesity, which predict the probability of being obese, follow the same general patterns. It is
critical to note that for logistic multilevel models, however, all higher-level predictors (such as
those included in the present model) are not interpretable as Odds Ratios (ORs); instead they
ought to be converted to median ORs (Larsen and Merlo 2005).

In the linear BMI null model, we see that the total between-strata RE (1.823) is
significant, and after adjusting for the main effects of sex, race, education, income and age there
remains considerable unexplained between-strata variability (0.643). Approximately 35% of
between-strata variability is unexplained by the main effects. A similar result is obtained from
the logistic models of obesity; The between-strata RE (0.179) from the null model is reduced
when the main effects are included (0.039), but nearly 22% of the between-strata variability

remains unaccounted for. The magnitude of the strata-level residuals in many cases is
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considerable. For instance, the effect on predicted BMI of belonging to a strata that is of the
highest income level (compared with the lowest) is -0.584, and 22.8% of the 382 strata evaluated

experience a strata-level residual of this magnitude or larger.

Table 1.3. MCMC Parameter Estimates for the Two-Level Hierarchical Bayesian Linear Regression
Model of Body Mass Index (kg/m?) in Wave 2

Null Model Main Effects Model
Estimate (95% ClI) Estimate (95% ClI)

Fixed Effects
Intercept 28.126 (27.965 , 28.293) 26.858 (26.433 , 27.288)
Sex

Male (reference) —

Female 0.081 (-0.149, 0.316)
Race / Ethnicity

White Non-Hispanic (reference) —

Black Non-Hispanic 1.791 (1.511, 2.066)

Hispanic / Latino 0.659 (0.383, 0.941)
Education

Less than high school (reference) —

Completed high school 0.087 (-0.255, 0.433)

Some college no degree -0.240 (-0.591, 0.123)

College degree or more -0.813 (-1.167 , -0.460)
Income (% Poverty Threshold in 2000)

Low income (Below 100%) (reference) —

Low-middle income (100% to 199%) -0.066 (-0.370, 0.245)

High-middle income (200% to 399%) -0.258 (-0.574 , 0.060)

High income (400% or more) -0.584 (-0.953, -0.210)
Age

18 to 29 years (reference) —

30 to 44 years 1.282 (0.944 , 1.624)

45 to 59 years 1.814 (1.477 ,2.152)

60+ years 0.523 (0.184 , 0.862)
Random Effects
Strata 1.823 (1.503, 2.196) 0.643 (0.488, 0.826)
Individual 34.506 (33.984 , 35.035) 34.511 (33.977 , 35.047)
Percent of Between-Strata Variation Attributable to Intersectionality 35.272 %

Note: 95% Credible Intervals in parentheses. P-values are associated with frequentist approaches and
are not available for Bayesian estimations.
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Table 1.4. MCMC Parameter Estimates for the Two-Level Hierarchical Bayesian Logistic Regression

Model of Obesity (BMI = 30) in Wave 2

Fixed Effects

Intercept

Sex
Male (reference)
Female

Race / Ethnicity
White Non-Hispanic (reference)
Black Non-Hispanic
Hispanic / Latino

Education
Less than high school (reference)
Completed high school
Some college no degree
College degree or more

Income (% Poverty Threshold in 2000)
Low income (Below 100%) (reference)
Low-middle income (100% to 199%)
High-middle income (200% to 399%)
High income (400% or more)

Age
18 to 29 years (reference)
30 to 44 years
45 to 59 years
60+ years

Random Effects

Strata

Individual

Percent of Between-Strata Variation Attributable to Intersectionality

Null Model
Estimate (95% ClI)

Main Effects Model
Estimate (95% ClI)

-0.841 (-0.896 , -0.788)

0.179 (0.144 , 0.221)

-1.265 (-1.407 , -1.138)

0.193 (0.122 , 0.264)

0.578 (0.495 , 0.662)
0.151 (0.064 , 0.238)

0.012 (-0.096 , 0.118)
-0.104 (-0.217 , 0.007)
-0.322 (-0.435 , -0.213)

0.037 (-0.055 , 0.134)
-0.075 (-0.173 , 0.025)
-0.189 (-0.306 , -0.071)

0.359 (0.257 , 0.466)
0.514 (0.412, 0.622)
0.130 (0.023 , 0.240)

0.039 (0.025, 0.057)

21.788 %

Note: 95% Credible Intervals in parentheses. P-values are associated with frequentist approaches and
are not available for Bayesian estimations. Individual-level random effects are not estimated in logistic

multilevel models.
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We proceed now to consider those strata that are furthest from what is expected based on
the contributions of the main effects. Table 1.5 identifies the ten strata that occupy the most
extreme positions in each tail of the BMI residual distribution, while Table 1.6 identifies the ten
strata in each of the extreme tails of the obesity residual distribution. While there is considerable
overlap, there are some differences in rankings between the two outcomes. The top ten list for
those experiencing lower BMI than expected is dominated primarily by white females and black
males. On the other hand, six of the top ten experiencing higher BMI than expected are black
female strata. Similar patterns are observed for obesity, however it is now white males (often of
higher SES) that have a significantly higher proportion obese than expected. While these top ten
lists are interesting for identifying the most extreme cases, it is more interesting to evaluate the

general patterning that occurs across strata in the residual distribution.
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We turn now to Figures 1.1 and 1.2. Figure 1.1 superimposes on the strata-level residual
distribution from the BMI model, markers indicating the location within the distribution of
various particular strata. The classic triad of sex, race/ethnicity and socioeconomic status (SES)
are considered as super-categories. For instance, numerous strata at varying levels of education
and age belong to the grouping ‘white females of high income’ and therefore numerous strata
markers are shown for each grouping. These figures enable us to visualize where strata
belonging to particular super-categories fall within the strata-level residual distribution. If most
of the strata markers for a particular super-category fall, for instance, on the left-hand side of the
distribution, as is the case for white females of high income, then this indicates that generally
those strata experience a lower mean BMI than might have been expected based on the main

effects.
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Figure 1.1. Strata-Level Residuals from Models of BMI, and the Location of Particular Strata Groups in
the Distributions in Wave 2
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Note: Each line represents one stratum’s position in the residual distribution. Negative values indicate lower BMI ‘than
expected’ while positive values indicate higher BMI ‘than expected’ for that stratum. Only strata with 20 or more
observations are shown.
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Figure 1.2. Strata-Level Residuals from Models of Obesity, and the Location of Particular Strata Groups
in the Distributions in Wave 2
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Note: Each line represents one stratum’s position in the residual distribution. Negative values indicate lower
proportion Obese ‘than expected’ while positive values indicate higher proportion Obese ‘than expected’ for that
stratum. Only strata with 20 or more observations are shown.
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The intriguing patterns that emerge are that some groups, Hispanic males of high and low
income, for instance, have strata clustered near the middle of the residual distribution, indicating
that while they typically have non-zero strata-level residuals they are nevertheless accounted for
relatively well by the main effects. On the other hand, strata for white females of high SES,
Hispanic females of high income, and black males of low SES tend to cluster in the tail of the
residual distribution indicating lower BMI than expected. Conversely, strata for white males of
high SES and black females of low SES tend to cluster in the other tail of the residual
distribution, indicating higher BMI than expected. Similar patterns emerge in Figure 1.2, which
provides the same visualizations for the obesity strata-level residual distribution.

One point clearly illustrated in both Figures is that there is tremendous variability
between strata belonging to the same “sex by race by SES” super-categories. An analysis that
disregarded this further parsing and considered, for example, black females of low
socioeconomic status to be a homogeneous group, would miss the variability within this group.

Both the multilevel models and the OLS models provide estimates for each stratum for
the mean BMI and percent obese. These estimates were plotted as histograms for each model in
Figures 1.3 and 1.4, enabling us to compare the distribution of estimates obtained using the two
approaches. As is clear in both figures, the OLS models have fatter tails, indicating an over-
estimation of between-strata variability. This is a direct result of the OLS model failing to adjust
for the sample size of strata (i.e., strata with small sample size have biased and unreliable
estimates). The BIC value for the multilevel model (209,533.2) was smaller than the BIC value
for the OLS model (212,787.7)—a difference (3,254.5) that was likely due to model parsimony.
The estimate distributions and difference in BIC support our claim that the multilevel approach is

more efficient and provides more stable estimates.
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Figure 1.3. Strata-Level Predictions of Mean BMI obtained using Multilevel approach versus OLS
approach
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Figure 1.4. Strata-Level Predictions of Proportion Obese obtained using Multilevel approach versus OLS
approach
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DISCUSSION

Medical sociologists and social epidemiologists have previously established the strong
links between social disadvantage, marginalization and an increased burden with respect to the
obesity epidemic; these links are confirmed by this analysis. Minorities, females and those of the
lowest SES (relative to the highest) experience an elevated burden of high BMI and obesity. The
primary question of interest to this study, however, is whether existing at the intersection of
multiple disadvantageous (or advantageous) social positions carries with it an impact on BMI
and obesity above and beyond what is expected by the aggregation of the independent effects of
these social positions.

This study has demonstrated a novel approach to evaluating the interactions between
numerous social categories. It is essential to note, however, that it would be inadvisable to
attribute all of the unexplained between-strata variability to intersectionality. Consideration of
additional main effects that are predictive of BMI and obesity, currently not incorporated in the
model, may reduce the estimate for the residual between-strata variability; one should therefore
not attribute the observed effect to intersectionality alone, as omitted variable bias may be
artificially inflating our estimate of intersectionality. Acknowledging this, these analyses do
simultaneously account for five of the most commonly evaluated demographic characteristics
when considering social disparities in the obesity epidemic.

The results of this analysis suggest that while there appears to be considerable
intersectionality occurring, it is not always occurring as expected. A significant 35% of the
residual between-strata variability for BMI, and 22% for obesity, remain after accounting for the
contributions of the main effects, and many strata experience an impact on predicted BMI and
obesity levels comparable to (or greater than) the impact of being of the highest income level

relative to the lowest. Even if some of the effect were accounted for by omitted variables, these
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analyses provide strong evidence that some strata are demonstrating particular resilience or
burden—above and beyond what we might have predicted for them—with respect to the obesity
epidemic.

A second, major conclusion of this study is that while intersectionality appears to be
occurring, it is not following the clear-cut story of “multiplicative benefit” and “multiple
jeopardy.” These results suggest that more complex interactions are occurring with respect to
BMI and obesity than predicted, implying a need for an expansion of current theory. For
instance, the multiply advantaged white males of high SES and the multiply disadvantaged black
females of low SES both seem to experience a greater obesity burden than might have been
expected. While this provides some support for the “multiple jeopardy” hypothesis with respect
to black females of low SES, the opposite does not appear to be true—white males of high SES
are not (generally) experiencing a multiplicative benefit. It is critical to recall, however, that in
absolute terms the multiply disadvantaged black females of low SES are more burdened by
obesity than the advantaged white males of high SES, due to the main effects contributions. On
the other hand, black males of low SES, who also experience multiple marginalized and
disadvantaged social positions, generally experience a lower obesity burden than might have
been expected. From a theoretical perspective these results partially contradict our expectations,
and indicate a clear need for further research.

Finally, these analyses provide a partial answer to the question of whether all strata
experience intersectionality. Clearly not all do, as some are accounted for relatively well by the
main effects, however many strata do, including those who experience multiple advantages.
From the perspective of testing theory, it is essential to reiterate that these results will almost

certainly vary by population, context, time, and outcome considered.
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Limitations

The limitations of this study largely relate to limitations of the model itself. First, the
model still requires certain assumptions about the functional form of the data, such as the
assumption that observations are independent and identically distributed (iid) within strata.
Second, this approach requires the use of very large data sets with sufficient diversity in the
sample for reliable estimation of effects. Third, it still relies on the rough categorizations of
individuals into sometimes arbitrarily defined groups, a practice that some intersectionality
researchers have rightly criticized on the grounds that it fails to capture the complexity and
diversity of such identities. Additionally, not all potentially relevant social dimensions were
considered in this demonstration. Fourth, there remains the possibility of misclassification of
respondents into strata due to the demographic variable imputations and the difficulty of parsing
the sample into income categories.

Finally, and perhaps obviously, it is vital to acknowledge that this approach does not
address all of the questions posed by intersectionality researchers. For instance, this approach
does not identify those factors that contribute to the intersectionality of a given stratum. This
approach ought, therefore, to be used as a complement to other approaches—particularly
qualitative ones—and not as a substitute. So long as these limitations are acknowledged from
the outset, this approach provides a new and valuable tool for the exploration of intersectionality

from a quantitative perspective.

Significance and Innovation

This study makes several major substantive contributions. First, it has enabled us to
quantitatively assess the intersectionality of social strata, providing a more complete picture of

inequalities between socially defined groups than has been readily available before. Further
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research is needed to consider these results, and the results of similar analyses. There is the
potential that some of the strata that are discovered to deviate significantly from what is
predicted based on the main effect contributions of sociodemographic variables will not have
been sufficiently studied in detail using qualitative methods, and this analytic approach may
therefore highlight gaps in our understanding and point the way to promising avenues of future
research. Second, the results of this study do not completely conform to our current
understanding, and thus challenge us to expand our thinking in future theory-based research.
While quantitative investigations such as this are capable of identifying social strata that
demonstrate particular burden or resilience, we particularly encourage the use of qualitative and
mixed-methods approaches to investigate further the uniqueness of the identity, meaning and
lived experiences associated with occupying those social positions, as such investigations will
enable the further development of theory.

This study has also contributed to our methodological repertoire by broadening our vision
of the potential applications of multilevel models. Multilevel modeling has already
demonstrated its value in the public health and social science literature. Yet as far as we are
aware, a random effects approach has never been used to address clustering from so abstract a
source as social position. Additionally, this study has demonstrated a novel and innovative
methodology for studying intersectionality and envisioning disparities in society.

While we find that the multilevel approach is more efficient and provides more stable
strata-level estimates than the standard OLS approach, we believe that the main contribution of
this new approach is in improving the interpretability of results. The multilevel framework
enables us to more explicitly parse variation in a population into between-strata and within-strata

levels, to quantify the amount of intersectionality occurring above and beyond the mere additive,
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and to better envision the social patterning of health inequalities across social categories of

interest.
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ABSTRACT

This study evaluates whether adolescent social networks are segregated by
socioeconomic status. In Wave 1 of the Add Health study, we consider 16 schools for which
social network and self-reported family income data exist for most students (N=2,584). We
approach the evaluation of income segregation through a novel lens by explicitly considering
three scales of analysis within social networks: the network community (i.e., social clique) level,
the dyadic level, and a level in between. We find evidence of income segregation at all three
levels of adolescent social networks, though this segregation is neither extreme nor universal.
Logistic models at the dyadic level reveal a modest, though consistent tendency for adolescents
in five sample schools to select close friends who are more similar to them in family income
level. In half of sample schools (46% to 50%, depending on methodology), the mean income
gap between pairs of adolescents in the same network community is smaller than the mean
income gap between pairs of adolescents in different network communities. Multilevel analyses
reveal network community-level clustering of family income after adjustment for race/ethnicity.
Family income appears to be a socially salient factor in the structure of adolescent social

networks.
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CHAPTER 2: SOCIAL NETWORK SEGREGATION BY FAMILY INCOME LEVEL IN U.S. ADOLESCENT
FRIENDSHIP NETWORKS

INTRODUCTION

Segregation has long been acknowledged as a substantial concern to society, not only for
its salience as a civil rights issue, but also because racial, ethnic, and socioeconomic segregation
are associated with elevated disparities in health and constrained educational aspirations and
achievement (Acevedo-Garcia and Lochner 2003, Aneshensel and Sucoff 1996, Crosnoe 2009,
Massey 2004, Willms 1986, Wilson 1959). Historically, our conceptualization of segregation
has tended to focus both on racial/ethnic segregation and on structural or spatial aspects of
segregation, such as between schools, neighborhoods, or work places (Farley and Taeuber 1974,
Fiel 2013, James 1989, Logan, Oakley and Stowell 2008, Massey and Denton 1993,
Tomaskovic-Devey et al. 2006). Research on socioeconomic segregation has similarly
emphasized the sorting of different income or occupational classes across residential areas and
schools (Erbe 1975, Reardon and Bischoff 2011). These conceptualizations, while capturing
vital aspects of segregation, are incomplete because they tend to overlook the difference between
integration of an environment and the experiences of individuals who live or interact within
those environments. Moody (2001) highlighted this distinction by demonstrating that even
within racially integrated schools, the social networks of adolescents can be highly segregated
along racial/ethnic lines. This implies that racial integration of a school—or neighborhood—
does not necessarily indicate that the lived experiences of the individuals who interact within
those environments are integrated ones. After conducting a systematic review of the literature,
we found that the extent to which adolescent social networks are segregated by socioeconomic

status has been seriously neglected. Additionally, the level at which segregation operates in
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social networks—be it between social network groups, or at the friendship-pair level—has not
been explicitly addressed. In this study we seek to address these gaps in our current knowledge.
Using data from 16 schools surveyed in Wave 1 of the National Longitudinal Study of
Adolescent to Adult Health (Add Health), for which we have high quality adolescent social
network and family income data for the majority of students, we evaluate the extent to which
adolescent school-based social networks are segregated by family income. Networks are
evaluated at the network community (i.e., social clique) level, the dyad (i.e., pair) level, and at a
point in between (dyads organized into “within” and “between” network communities), in order

to determine to what extent segregation exists at different scales of analysis.

Background

Scales of Segregation and Adolescent Social Networks

It is commonly accepted that adult social networks are highly segregated by
socioeconomic status (Ajrouch, Blandon and Antonucci 2005, Bian et al. 2005, Blau, Ruan and
Ardelt 1991, DiPrete et al. 2011, King 1961, Marques 2012, McPherson, Smith-Lovin and Cook
2001, Smith, McPherson and Smith-Lovin 2014) largely because adults live and work in
segregated environments (due to a combination of institutional discrimination and selection) that
limit opportunities for forming ties across socioeconomic levels. To the extent that schools are
also segregated by socioeconomic factors (Crosnoe 2009, Willms 1986, Wilson 1959), child and
adolescent social networks are likely similarly constrained in terms of presenting opportunities
for cross-class friendships to form. However, it is unclear whether—within school environments
that theoretically should provide opportunities for mixing between socioeconomic levels—we

find socioeconomic network segregation among adolescents.
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Put another way, there are four levels at which we can envision adolescent social
networks as being segregated. The first, and perhaps most obvious, is between-schools or
between-residential neighborhoods. If these environments are relatively homogeneous within
and heterogeneous between, then we might assume this will impact the diversity of adolescent
networks. In network analysis terms, residing in different neighborhoods or attending different
schools limits opportunities for friendships to form across such environments, and this may result
in disconnected (or mostly disconnected) network components. If schools or neighborhoods are
socioeconomically segregated then this may result in socioeconomic network segregation as well.

The second level is within these environments. If we envision peering inside of a school
and mapping the entire social network of students, then we might detect social groups or
‘cliques’—referred to by network scientists as network communities (Fortunato 2010, Porter,
Onnela and Mucha 2009), which are broadly defined as sets of individuals who are more densely
connected to each other than to others elsewhere in the network. A cartoon visualization of
network communities is provided in Figure 2.1a. These network communities would be
expected to approximate social groups that regularly socialize together. Network community
level segregation might be evaluated by considering whether network communities are
heterogeneous with respect to family income. In other words, in a multilevel framework, does
clustering occur by family income at the network community level?

Third, we can consider whether pairs of adolescents (dyads) within the same network
community have a smaller mean income gap than pairs in different network communities
situated in the same school (Figure 2.1b). And fourth, we can consider the dyadic level itself,
entirely disregarding the borders of network communities (Figure 2.1c). At the dyadic level we

might evaluate the extent to which friend pairs are homogeneous with respect to family income.
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These three “within school” levels of network segregation are the focus of this study.
Each level captures qualitatively different aspects of adolescent social relationships. For
instance, prior studies have demonstrated that friendship nominations, particularly when limited
to a set number of ties, tend to capture particularly strong social connections (Moody and White
2003, Quillian and Campbell 2003, Schofield and Whitley Jr. 1983) while missing friendly
acquaintances. On the other hand, a network community may include adolescents who regularly
interact socially but who would not nominate each other as particularly close connections. Since
some individuals might enjoy diversity in their general social group, but preferentially nominate
individuals who are more similar to them when identifying their closest friends, there is no
guarantee that segregation at the dyadic level implies segregation at the network community
level as well.

Despite the qualitative differences between levels, network communities are rarely
treated as the unit of analysis in network segregation studies, largely due to the dearth of
sociocentric data (i.e., maps of the network) relative to egocentric data (i.e., derived from surveys
of individuals that ask about their immediate social connections), and to the fact that community
detection is a relatively new field. One example we have identified is a study by Gonzalez et al
(2007) which utilized network community detection to explore racial and ethnic preferences in
adolescent social networks.

At the dyadic level, homophily refers to the tendency for people to form social
relationships with others who have similar attributes as themselves, such as gender, education
level, and race/ethnicity. While evaluations of adolescent network homophily at the dyadic level
are more prevalent (though certainly not common), particularly with respect to race/ethnicity, sex

and age (Currarini, Jackson and Pin 2010, McPherson, Smith-Lovin and Cook 2001, Moody
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2001, Mouw and Entwisle 2006, Neal 2010, Wilson and Rodkin 2011), few studies have
explored socioeconomic homophily. We will now briefly consider several papers that form the
basis of our current knowledge about socioeconomic segregation in adolescent social networks.

The first, published by Jere Cohen (1979), includes a secondary analysis of data collected
in 1958 (Coleman 1961) on the high school friendship and dating patterns in Elmtown High, as
well as a comparison of the results with previously published data on the same school
(Hollingshead 1949). Cohen concluded that parents’ socioeconomic status (SES) was less
important as a criterion of choice in 1958 than it was in 1942, but that it was still clearly
important. The second paper, published more recently by Maharaj and Connolly (1994),
addressed primarily racial/ethnic homophily among 896 Canadian adolescents enrolled in Grades
9-12 in a middle-class suburban high school near Toronto. In their analysis, adolescent SES
(derived from parents’ highest level of education) was used along with other demographic
variables to account for “ethnocultural” homophily. In other words, it was not SES-based
segregation per se that was evaluated, but the extent to which SES predicted racial/ethnic
homophily in friendship networks.

The third paper, published by Burgess et al (2011) was an analysis of an adolescent
friendship network (6,961 friendship linkages between 2,396 adolescents) in the West of
England. Measures of SES evaluated included household income, parents’ occupational class,
and parents’ highest educational attainment. Between friends, homophily based on parental
education was found, but homophily based on household income and parent occupational class
was not.

Fourth, in an analysis focusing on interracial friendships in U.S. schools by Mouw and

Entwisle (2006), the authors considered the possibility that some of the racial/ethnic homophily
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detected in adolescent friendship ties could be due to an underlying preference for friends of the
same SES, and due to race-based differences in SES it may be that apparent preference for same-
race friendships is really due to preference for same-SES. While they did not consider SES-
based homophily in isolation, they did include the difference between adolescents’ family
incomes and the difference between adolescents’ parent education in analyses at the dyadic level.
They concluded that increasing difference in parents’ income or years of education decreased the
probability of two individuals being friends. Finally, an analysis by Bearman, Moody and Stovel
(2004) of a predominantly-white high school in the Add Health sample found that adolescents
tended to select romantic and sexual partners of similar socioeconomic levels.

To summarize, studies addressing socioeconomic segregation in adolescent friendship
networks—particularly recently in the United States—are rare, and none of these studies
specifically address the issue of the scale, or level of analysis, in their consideration of network
segregation. Dyadic level homophily is the default scale considered, and this scale is uncritically
assumed to represent segregation at other network scales. The extent to which adolescent social
networks are segregated by socioeconomic status, and the scale at which this segregation

operates, is therefore unclear.

Implications of Adolescent Network Segregation

Understanding adolescent network segregation by socioeconomic status is vital due to the
implications of segregation or integration for the health, educational trajectories, and well being
of adolescents. Social network segregation or integration by family income level could affect
adolescent health outcomes through numerous pathways. Network integration may benefit the

health of adolescents from lower income families. For instance, friendships with students from
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advantaged backgrounds may potentially bring low-income adolescents into contact with
professionally successful or highly educated adults (the parents of their friends). This represents
a potential resource for these adolescents, who could benefit from such things as informational
support about college and scholarship application processes, and from the social norms,
expectations and role models that are likely to exist in households with highly educated parents,
such as those pertaining to educational achievement and professional development. If these
resources increase the likelihood of low-income students pursuing higher education, this will
also provide health dividends throughout the rest of the life course, as higher education is
strongly associated with improved health behaviors and outcomes (Ross and Wu 1995, Winkleby
et al. 1992). Additionally, it is well established that health-related behaviors (e.g., healthy diet,
consistent physical activity, not smoking) are socially patterned, with higher socioeconomic
status adults (Emmons 2000) and their adolescent children (Hanson and Chen 2007) being more
likely to engage in healthy behaviors. Network integration could therefore benefit low-income
adolescents because they are likely to be exposed to healthier behaviors, both among their
friends and their friends’ parents, and this exposure could result in adoption of healthier
behaviors through social influence (Ali and Dwyer 2010, Christakis and Fowler 2007, Christakis
and Fowler 2008).

On the other hand, network segregation by income among adolescents does not just
represent the loss of the previously mentioned opportunities, it also indicates that—at a young
age—individuals may be highly conscious of socioeconomic status, and may attach social
significance (such as peer status) to the possession of certain material markers of family income.
There is evidence that, through numerous complex pathways, parental socioeconomic status

(such as income and education) can translate into the social status of their adolescent children,
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and further that this status may translate into the adolescents’ socioeconomic status as they
transition into the adult world (Bjarnason 2000). It is possible, therefore, that adolescent social
status may translate into health outcomes in later life via socioeconomic status mediating
pathways. Additionally, if network segregation is occurring because of some form of
socioeconomic-consciousness and the status-significance attached to family income, then this
could adversely affect the developing adolescents. For instance, it might promote adverse
behaviors (such as discrimination or bullying) and the formation and perpetuation of unflattering
class-based stereotypes. Bullying—for both the perpetrator and victim—has been shown to have
short-term (Forero et al. 1999, Nansel et al. 2001) and long-term (Sourander et al. 2007)
implications for mental and psychosomatic health. Similarly, discrimination is stress inducing,
and chronic activation of stress response pathways has been linked to various adverse health
outcomes (Cohen, Janicki-Deverts and Miller 2007). Exposure to income-based discrimination
may result in similar patterns of inequalities between social groups as is created by race-based
discrimination (Fuller-Rowell, Evans and Ong 2012, Williams and Mohammed 2009).

It is, therefore, important to characterize the extent to which adolescent social networks
are segregated or integrated, and the levels at which this occurs, in order to further our
understanding of the social world that shapes educational and health trajectories of adolescents.
Our first research question is: To what extent are adolescent social networks segregated by
family income at each of the three levels of analysis—the network community level, the dyads
within network communities versus dyad between network communities level, and the dyadic
level? Our second research question is whether there is a correspondence between the levels in

terms of the segregation (or integration) observed.
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METHODS

Data: The National Longitudinal Study of Adolescent to Adult Health

Add Health is a longitudinal study of a nationally representative sample of U.S.
adolescents who were in grades 7-12 in the first wave of interviews (1994-1995) (Harris et al.
2009). The primary sampling frame was derived from the Quality Education Database (QED)
and was used to select a stratified sample of 80 high schools with probability proportional to size,
as well as 52 middle schools that were paired to the high schools as feeders. Schools were
stratified based on region, urbanicity, school type (public, private, parochial), ethnic mix and size.
An important aspect of the Add Health data is that students were asked to nominate up to 10 of
their closest friends (5 male and 5 female), and since many of the nominated students were also
interviewed it is possible to construct a fairly complete social network for each school.

In Wave I, an in-home questionnaire was also administered to a sub-sample of randomly
selected students from each school called the ‘core sample,” and interviews with a parent of each
child in the core sample were attempted. It is this parent interview that provides the family
income data of interest in this study. Because the parent interview is only available for a sub-set
of students from many schools in the Add Health sample, it is necessary to restrict the present
analysis to 16 schools. In these 16 schools—2 large high schools plus 14 smaller middle schools
and high schools—an in-home interview with all students and their parents was attempted.

These 16 schools therefore represent a saturated sample for which social network and self-

reported family income data are available for most students.
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Study Population

The saturated sample of schools represents a variety of contexts. The two large high
schools, for example, are significantly different—one is a predominantly White (94%) rural
public high school (grades 9 to 12, N = 1,024) in the Midwest, while the other is a racially
diverse (Hispanic = 39.3%, Black = 23.2%, Asian = 31.6%, White = 4.5%) suburban public high
school (grades 10 to 12, N =2,104) in the West. The other 14 schools range in size from 47 to
193 students and represent public (n =9), private (n = 4), and Catholic (n = 1) schools in the

West (n = 3), South (n = 4), Northeast (n = 3), and Midwest (n = 4) regions.

Measures

Family Income

Family income was measured through a single item on the Parent In-Home Questionnaire
administered during Wave I of Add Health: “About how much total income, before taxes, did
your family receive in 1994? Include your own income, the income of everyone else in your
household, and income from welfare benefits, dividends, and all other sources.” In an effort to
boost the response rate, respondents were again reassured about confidentiality just prior to this
question being asked. Family income was measured as a continuous outcome and response
values between $0k and $999k were permitted. For this analysis, $0k was interpreted as “less

than $1,000” and was assigned the value $500.

Race / Ethnicity

In order to address the potential mapping of income-based segregation onto racial/ethnic
segregation, student race/ethnicity is also considered. The standard procedure for constructing a

single race/ethnicity variable in Add Health Wave I was used (UNC Carolina Population Center
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project). Race and ethnicity were self-reported. Coding of race/ethnicity was determined based
on the first category marked in the following list: Hispanic all races, Black or African American,
Asian, Native American, Other, and White. Therefore, an individual who indicated both
“Hispanic or Latino” ethnicity and “Black or African” race would be coded as “Hispanic, All
Races.” Alternatively, an individual who identified as both Asian and White would be coded as

“Asian, Non-Hispanic.”

ANALYSIS

Network Community Detection and Segregation Evaluation

In order to evaluate segregation at the network community level, we first apply network
community detection algorithms. Network community detection is an active area of research
within the field of network science, and so there are many different algorithms that have been
developed to identify meaningful network communities. In this analysis, two separate
community detection algorithms—modularity maximization and k-clique percolation—were
applied because different algorithms yield subtly different membership lists for each detected
network community and we wished to test the robustness of the results to varying definitions of
‘network community.’

The concept of a network community is a fairly intuitive one—it represents a collection
or group of individuals who are densely connected to each other but who are relatively sparsely
connected to others outside the group. In essence, community detection entails identifying such
clusters by determining which adolescents reside within each network community, but also
determining the number of such clusters contained in the network. Unfortunately, while the

concept of network community may be intuitive, identifying communities in practice is difficult
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because it is necessary to apply a strict definition of what a ‘dense cluster’ is and what level of
‘bridging’ between clusters is deemed sparse enough to count as a partition between two
communities. In addition to the difficulty associated with defining the concept of network
community precisely, there are also computational issues with most definitions, meaning that one
needs to resort to different heuristics when implementing these methods in practice. In this sense,
the choice of a community detection method is analogous to stating how one would like to
ascertain communities, whereas the choice of a particular heuristic for the given method
determines how communities are actually ascertained.

Modularity maximization (Newman 2006a, Newman 2006b) is one of the most popular
detection methods because it has been shown to partition a variety of networks into what appear
to be meaningful network communities (Porter, Onnela and Mucha 2009). Modularity refers to a
quality function or a score given to a particular network partition. A common null model used in
the formulation of modularity considers the fraction of edges (i.e., friendships) that run between
nodes (i.e., adolescents) belonging to the same community and subtracts from it the fraction of
such edges we would expect to find if the edges where positioned at random in the network while
preserving the number of connections of each node. In principle we would like to find the
partition that results in the maximum value for modularity by iterating through all possible
network partitions until the modularity score is maximized. In practice, however, this is
impossible for all but the smallest of networks given the computational complexity of such a
procedure. Instead, modularity maximization algorithms utilize different heuristics to find an
optimal partitioning of the network into communities. The particular algorithm we used in this

study to maximize modularity was developed by Blondel et al (2008). Using this algorithm,
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each node is assigned to exactly one network community and no nodes that have social
connections are “left over” (i.e., socially marginalized from network communities).

K-clique percolation is a network community detection approach that was pioneered by
Palla, Derényi, Farkas and Vicsek (2005) and is becoming increasingly popular in evaluations of
social networks (Fortunato 2010). It is a deterministic algorithm that begins with a specification
for the size of a clique (k), or small group of nodes who are fully connected. A clique of size k =
3, therefore, indicates a cluster of three adolescents each of whom shares a friendship link with
the other two. Note that although the user needs to fix the value of the clique, the number of
communities for the given clique number is determined automatically by the algorithm. The
previously mentioned study by Gonzélez et al (2007) in Add Health found that cliques of size k =
3 were optimal for community detection in Add Health networks. A network community is
defined as a set of cliques that are adjacent to one another, where clique adjacency is defined as
two cliques sharing k—1 nodes. The advantage of this definition is that, unlike modularity, it
allows a given adolescent to belong simultaneously to two or more network communities, which
likely better reflects the complex reality of social network structures. K-clique percolation also,
by definition, will exclude nodes from network communities if they are not members of cliques.
These “marginalized” nodes may have very few friends or may have a number of friends spread
sparsely across various cliques, but lack sufficient ties to a single clique to belong to it according
to the clique definition.

Once the network communities within each of the 16 schools were identified, two
segregation analyses were conducted. The primary analysis was a multilevel hierarchical model
nesting adolescents (level 1) in their network communities (level 2). The multilevel models took

the following forms: Models 1 and 2 controlled for school attended using dichotomous fixed
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effect covariates, and Model 2 also adjusted for adolescent race/ethnicity to account for
correlation between adolescent family income and race/ethnicity.

To test the sensitivity of our results to community specification, both models were fit
separately using both modularity maximization and k-clique network communities. Since the k-
clique algorithm does not assign “marginalized” nodes (i.e., those who are not members of
cliques of size k) to network communities, marginalized adolescents are not included in the k-
clique version of multilevel models. Additionally, k-clique percolation allows nodes to
simultaneously belong to multiple network communities; For the purpose of this analysis, these
nodes were assigned to the network community to which they had the most links, and in the case
of ties they were randomly assigned to one of the tied network communities.

In the primary analysis the goal is to determine the extent to which family income is
clustered at the network community level using a multilevel modeling framework. In this case
the emphasis is on assessing differences between network communities. In a secondary analysis
we focus on the within network community homogeneity of moderate and large sized network
communities (i.e., 10 or more nodes). Segregation in this context is defined in relative terms as
network communities being more homogeneous with respect to family income than we might
have expected based on the background diversity of income levels within the school. In other
words, within community homogeneity implies between community heterogeneity (segregation).
If, for instance, a network community of 10 students was identified within a given school, we
first calculated the variance of family income within this subset of students. We then determined
whether the empirical (observed) variance was smaller than we might have expected by chance
(indicating it is relatively homogeneous, and therefore segregated) by repeatedly resampling

from the entire school network samples of 10 students and determining for each sample the
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variance in family income. For each detected community, this process was repeated 1,000 times
to obtain a distribution of variance. If the detected network community’s observed variance in
income was significantly smaller than what would be deemed likely by this distribution (at p <
0.05), then this would indicate that the network community was more homogeneous than

expected by chance, therefore segregated from others by income level.

Dyads Within versus Dyads Between Network Communities

All pairs of adolescents (dyads) within a school, regardless of whether a friendship link
exists between them or not, were sorted into two groups—those where both adolescents were
nested within the same network community (within community dyads) and those nested in
different network communities (between community dyads). For each dyad, the difference in
family income was calculated. Using two-sided t-tests, we compared the mean difference in
income for the between community dyads and the within community dyads. This analysis was
completed for each of the sample schools using both network community detection algorithms.
If the mean income difference for dyads within the same network community were smaller than
the income difference for dyads in different network communities, then this would imply that
adolescents in the same network community—who likely socialize with each other in a group
regardless of whether they are particularly close friends—will be likely to have more similar
income levels than adolescents in different network communities.

Analyses were repeated for each school and both network community detection
algorithms. In k-clique percolation, three versions of models where fit to ensure that results were
robust to the treatment of dyads with marginalized adolescents (those who were not assigned to

any network community): (1) dyads where one or both were marginalized counted as between
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community dyads, (2) dyads where both were marginalized were dropped from analysis and
dyads with one node marginalized counted as between community dyads, and (3) dyads where

one or both nodes were marginalized were dropped from analysis.

Dyadic Level Income Homophily

Evaluation of income segregation at the dyadic level involves a more standard analytic
approach. All possible dyads of students within a school can be grouped into two categories—
the pairs that have a friendship tie and the pairs that do not. The absolute difference in family
income (Difference_Income_;;) between all pairs of adolescents (i,j) was used to predict the
probability of friendship ties existing between them. The model takes the following form:

logit [Y_ji] = Pox + P (Difference_Income ;i)

In this model, the outcome, Y, represents the existence of a friendship tie between
individuals i and j (1 = yes, 0 = no) in school k. Logistic models were fit separately for each
school. The intercept term (fyk) captures the school-specific effect for school k£, which may
include the general density of ties within a school (since some schools may encourage the
formation of more social ties, whereas other schools may not) and variation in school size. The
parameter of interest in this analysis is S, which captures the change in probability of a
friendship tie existing between individuals i and j in school & for each unit increase in the
difference between the family incomes of individuals i and j. A statistically significant and
negative value for f;; would indicate that as the differences in income between two adolescents
shrinks, the probability of them being friends increases.

A second version of this model was also fit, with a dummy variable indicating whether

adolescents i and j are of the “same race/ethnicity,” and it was included as a covariate in the
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model. This version of the model accounts for the possibility of confounding of income

homophily by racial/ethnic homophily.

RESULTS

Analyses were conducted in a variety of softwares: SAS 9.3 (SAS Institute Inc 2011),
MLwiN 2.32 (Rasbash et al. 2015) using Markov Chain Monte Carlo estimation (Browne 2009),
and Python 2.7 (Anaconda by Continuum Analytics 2015). Multiple Python libraries were used,
including Python Pandas (McKinney 2011), NumPy (NumPy Developers 2005) , NetworkX
(Hagberg, Schult and Swart 2008), Python-IGraph (Csardi and Nepusz 2006), and matplotlib
(Hunter 2007).

The 16 schools in the saturated sample yielded a total of 3,702 respondents, of whom
2,584 (70%) had a parent report family income. A further 793 students across the 16 schools
were identified through social network nominations, but for reasons such as absence or refusal
they are not included in the Add Health sample. All students, including those missing family
income responses, are included in the community detection analysis because considering them
improves our understanding of the school’s network structure. Basic demographic profiles of the
sample are provided in Table 2.1 and more detailed profiles of the full sample and particular
school samples are provided in Supplemental Tables 2.1, 2.2 and 2.3 of the Appendix.

While between-school comparisons of family income are not the focus of the present
analysis, it is helpful to understand the different socioeconomic profiles of the sample schools in
order to characterize the sample and better contextualize subsequent results. Figure 2.2 shows
the overlaid distributions of family income for each school. While most of the schools include
students from very low-income backgrounds, there is substantial variation between schools on

the mean and standard deviation of income. School “N,” for instance, has a mean family income
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of $93,220 per year (SD = $52,900), while school “K” has a mean family income of $28,660 per
year (SD = $17,470). The schools also vary significantly in their racial/ethnic composition,
ranging from school “L,” which is 100% white non-Hispanic, to school “K,” which is nearly
98% black non-Hispanic. The two largest schools in the sample are the predominantly white
non-Hispanic school “G” (mean income $49,030 per year (SD = $27,890)) and the racially

diverse school “H” (mean income $40,190 per year (SD = $25,900)).

Table 2.1. Demographic Profile of Sample

Frequency N (%)
TOTAL SAMPLE ° 3702 (100.00%)
Main Sample — Provided Income 2584 (69.80%)
Refused or Missing Income 1118 (30.20%)
MAIN SAMPLE 2584 (100.00%)
Sex of Adolescent
Female 1232 (47.68%)
Male 1352 (52.32%)
Race / Ethnicity of Adolescent
Missing 3 (0.12%)
Hispanic or Latino 437 (16.91%)
Black, Non-Hispanic 385 (14.90%)
Asian, Non-Hispanic 300 (11.61%)
Native American, Non-Hispanic 44 (1.70%)
Other, Non-Hispanic 15 (0.58%)
White, Non-Hispanic 1400 (54.18%)
Highest Education Level of Parents
Less than high school 270 (10.45%)
Completed high school 675 (26.12%)
Some college no degree 830 (32.12%)
College degree or more 809 (31.31%)

@ An additional 793 students were identified through friendship nomination, however they
were not surveyed (perhaps due to absence on the day the survey was administered) and
therefore little is known about them beyond their gender. These individuals are included in
the network structure aspects of analysis and are coded as ‘missing’ most data.
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Figure 2.2. Comparison of Family Income Distributions Across Saturated Sample Schools
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Network Community Detection and Segregation Evaluation

As expected, the two network community detection algorithms provided very different
partitions of the school networks. A particularly striking example of this for one school is shown
in Figure 2.3. In these illustrations, one for k-clique percolation and the other for modularity
maximization, each adolescent is represented as a node (or dot) and is color coded according to
their network community membership, except for the k-clique percolation graph, in which white
color indicates no network community membership (i.e., marginalization). Friendship ties are
denoted as lines linking nodes. In the full sample, 195 network communities were detected
using modularity maximization, and 383 were detected using k-clique percolation (using a clique
size of k=3). A school-by-school breakdown of network communities is provided in

Supplemental Table 2.4.
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Figure 2.3. Visualizations of Detected Communities in One School Network Using Two Methods
— K-clique Percolation and Modularity Maximization

K-Clique Percolation
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Note: Nodes of the same color within a single visualization of the network indicates membership
in the same network community. In the k-clique percolation visual, white nodes are not
members of any community.

Despite the differences between k-clique percolation and modularity maximization in the
network communities identified, the results of the segregation analyses conducted at the network

community level yielded similar results. In the primary analysis using multilevel models (Table
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2.2) we found consistent clustering at the network community level. The intraclass correlation
coefficient (ICC)—calculated by dividing the network community-level random effect variance
by the total variance and converting the result to a percentage—was a significant 4.4% for
modularity maximization and 7.7% k-clique percolation after adjustment for school and
race/ethnicity. This indicates two things. First, family income does appear to cluster at the
network community level-—some network communities tend to have wealthier members, and
some network communities have less affluent members. Second, however, there is still
tremendous variation of family income within network communities, indicating that while there
is some evidence of clustering at the network community level, it is in no way an exclusionary
type of income segregation with perfect assortativity (e.g., where rich only associates with rich,

and poor with poor).

Table 2.2. Random Effects from Multilevel Models of Students nested in Network Communities

Model 1 Model 2

Estimate 95% Credible Interval Estimate 95% Credible Interval

Modularity Maximization

Between 49.66 [26.87 , 80.93] 34.66 [15.92, 60.50]
Within 726.52 [719.17 , 808.62] 757.44 [714.07 , 803.06]
DiC 22453.64 22409.52
ICC 6.40 % 4.38 %

K-clique Percolation °
Between 76.12 [30.82, 131.96] 60.67 [14.22 , 116.15]
Within 734.96 [679.37 , 795.00] 734.31 [678.31, 794.55]
DiC 14636.46 14625.76
ICC 9.39 % 7.73 %

Notes: DIC = Deviance Information Criterion; smaller value indicates better model fit. ICC = intraclass
correlation coefficient; indicates the percent of total variance attributable to the “between” level.

Model 1: adjusted for school ID.

Model 2: adjusted for school ID and race/ethnicity.

 Analyzed sample included 15 of the 16 schools because school “A” had no k-cliques.
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This second result is consistent with our findings from the secondary analyses of network
communities, in which we focused on network communities of moderate and large size and
evaluated whether the within group homogeneity of income was less than expected based on the
background level of variability. Using this definition of segregation, no segregation by family
income at the network community scale was detected (Supplemental Tables 2.5 and 2.6) because
network communities were sufficiently heterogeneous with respect to income.

Because of the possibility that students in larger network communities might somehow
differ in expected income variation from students not included in larger communities, we
conducted sensitivity analyses whereby the repeated samples were drawn from various subsets of
students in the two largest high schools. In the k-clique analysis we sampled in three additional
ways: (1) only from students in larger cliques (10 or more students), (2) only from students
belonging to cliques (of any size), and (3) only from students with two or more friends (who
theoretically could have belonged to a clique of size 3). In modularity maximization, only the
“larger cliques” alternative was used, because no students were considered marginalized as the
method assigns all network nodes to communities. The result of the secondary analysis, that no
segregation was detected at the network community level when defining segregation as within

group homogeneity, was robust to all specifications.

Dyads Within versus Dyads Between Network Communities

Under the modularity maximization specification of network communities, in 8 of 16
schools the mean income difference was smaller for dyads in the same network community
(dyads within communities) than for dyads where adolescents were in different network

communities (dyads between communities) (Table 2.3). Similar results were found using k-
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clique network communities (Table 2.4). Of the 13 schools with sufficient numbers of between
and within community dyads for meaningful comparisons, 6 schools had smaller income gaps for
the dyads within the same k-clique network communities than in different network communities.
Results were robust to all three alternative specifications of the k-clique analysis (Supplemental
Tables 2.7 and 2.8).

With some exceptions, the difference in the income gap for within versus between tended
to be modest though statistically significant. This indicates that, in many of the sample schools,
adolescents were likely to encounter somewhat smaller income gaps between themselves and
their fellow network community members than if they interacted with a randomly chosen

individual from outside their network community.
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Dyadic Level Income Homophily

Table 2.5 presents the results of the dyadic level analysis in which we model difference
of family income level between pairs of adolescents to predict the likelihood of friendship,
adjusted for dyads being of the ‘same race/ethnicity.” Results from the unadjusted model are
provided in Supplemental Table 2.9. Income homophily was detected in 5 of the 16 schools after
adjusting for racial/ethnic homophily. Half of the 16 schools showed dyadic level homophily of
some form—three by race/ethnicity, three by income, and two by both income and race/ethnicity.
Most of the schools that showed income homophily in the unadjusted model continued to do so
after controlling for race, with only one exception—school “H,” the large and racially diverse
high school. Initially, school “H” appeared to have homophily by income level at the dyadic

level, but this effect disappeared when racial/ethnic homophily was controlled for.
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Table 2.5. Dyadic Level Income Segregation — Logit Models of Difference in Income Between Dyad Pairs
and ‘Same Race’ Indicator Predicting Probability of a Tie Existing

School ID Parameter Estimate SE Z-score P-value

A Intercept -4.4407 0.5257 -8.4472 <.0001
Income Difference 0.0034 0.0133 0.2556 0.7969
Same Race -0.1646 0.6161 -0.2672 0.7893

B Intercept -3.9665 0.5850 -6.7803 <.0001
Income Difference -0.0033 0.0025 -1.3200 0.1991
Same Race 1.2985 0.5922 2.1927 0.0283 *

C Intercept -4.1678 0.5117 -8.1450 <.0001
Income Difference -0.0028 0.0038 -0.7368 0.4584
Same Race 0.1092 0.5187 0.2105 0.8332

D Intercept -3.9125 0.5127 -7.6312 <.0001
Income Difference -0.0127 0.0040 -3.1750 0.0013 **
Same Race 0.5391 0.5082 1.0608 0.2888

E Intercept -3.4648 0.1923 -18.0177 <.0001
Income Difference -0.0001 0.0043 -0.0233 0.9773
Same Race 0.0394 0.1994 0.1976 0.8434

F Intercept -4.4213 0.1549 -28.5429 <.0001
Income Difference -0.0098 0.0028 -3.5000 0.0005 ***
Same Race 1.8991 0.1540 12.3318 <.0001 ***

G Intercept -4.7527 0.0684 -69.4839 <.0001
Income Difference -0.0025 0.0008 -3.1250 0.0029 **
Same Race 0.0597 0.0685 0.8715 0.3837

H Intercept -7.2220 0.0591 -122.1997 <.0001
Income Difference -0.0006 0.0009 -0.6667 0.5111
Same Race 2.1272 0.0589 36.1154 <.0001 ***

I Intercept -3.9351 0.3410 -11.5399 <.0001
Income Difference -0.0008 0.0028 -0.2857 0.7713
Same Race 0.4608 0.3484 1.3226 0.1859

J Intercept -3.7519 0.4536 -8.2714 <.0001
Income Difference -0.0044 0.0019 -2.3158 0.0188 *
Same Race 1.2428 0.4578 2.7147 0.0066 **

K Intercept -2.7168 0.3797 -7.1551 <.0001
Income Difference -0.0017 0.0074 -0.2297 0.8214
Same Race -0.5820 0.3857 -1.5089 0.1313

L? Intercept -1.4470 0.4052 -3.5711 0.0004
Income Difference -0.0063 0.0203 -0.3103 0.7551
Same Race 0 . . .

M Intercept -2.8986 0.1858 -15.6006 <.0001
Income Difference 0.0004 0.0045 0.0889 0.9328
Same Race 1.0957 0.2004 5.4676 <.0001 ***

N Intercept -1.9688 0.1708 -11.5269 <.0001
Income Difference -0.0044 0.0021 -2.0952 0.0408 *
Same Race 0.0431 0.1894 0.2276 0.8200

(0] Intercept -2.3547 0.6123 -3.8457 0.0001
Income Difference -0.0083 0.0060 -1.3833 0.1649
Same Race -0.5865 0.6285 -0.9332 0.3507

P Intercept -3.8748 0.7476 -5.1830 <.0001
Income Difference -0.0113 0.0074 -1.5270 0.1258
Same Race 0.8298 0.7321 1.1335 0.2570

Evidence of homophily (one tail test) at: * P < 0.05, ** P<0.01, *** P < 0.001.
@ School was 100% white, making estimates of the ‘same race’ parameter infeasible.
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DISCUSSION

In this study we approached the evaluation of adolescent social network segregation by
family income level in a novel way—through explicit consideration of the scale at which
segregation occurs and the varying definitions of segregation which might be used. A summary
of all analyses conducted and the results at each level is presented in Table 2.6.

Social network communities, which may serve as reasonable proxies for groups that
socialize together, exhibited sizeable within-group family income heterogeneity. This was
observed in both the multilevel analysis and the analysis comparing the empirical variation
within network communities with the variation expected for network communities of comparable
size. The analysis of within-group variation employed a far stricter definition of segregation—in
order for a network community to appear segregated under this definition, it would have to have
been highly homogeneous and sequestered from the variation in income observed in the rest of
the school. This extreme form of segregation was not seen, however the multilevel analysis
revealed that network communities differ by income level. A modest, though meaningful
percent of total income variation in the sample occurs at the between-network community level

(ICCs adjusted for race/ethnicity: modularity maximization=4.4%; k-clique=7.7%).
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Table 2.6. Summary of Findings

Level

Analysis

Results

School Level

Network Community Level

Dyads Within vs. Dyads
Between Network
Communities Level

Dyadic Level

Distribution (mean and SD)
of family income across the
16 sample schools was
plotted.

(1) Multilevel analysis:
adolescents are nested
within network communities,
detected using modularity
maximization and k-clique
percolation algorithms.

(2) Large and moderate
sized network communities:
variation of income within
network communities is
compared with variation
expected in a network
community of that size.

Mean difference in income
was calculated for two
groups: dyads where both
nodes are in the same
network community (within),
and dyads where nodes are
in different network
communities (between).
Means are compared using
two-sided t-tests.

Logistic models of
difference in income
between adolescents in
dyads predicting likelihood
of a tie existing between
them. Models were fit
separately for each school
and control for homophilous
race/ethnicity.

There is clear overlap between the
distributions, however the means and SD
vary substantially. Since this is a small
and non-representative sample the school
level is addressed only to understand the
sample, and not to evaluate between-
school segregation.

See Figure 2.1 and Supplemental Table
22

(1) Variation between network
communities was detected after controlling
for school and race/ethnicity, supporting
the claim that network communities are
segregated. However clustering of family
income status at the network community
level is not exclusionary (i.e., rich
associates only with rich, and poor with
poor). Instead, there is substantial income
heterogeneity within network communities.
See Table 2.2.

(2) No evidence of significantly lower
variance of income within network
communities than might have been
expected if network communities were
composed of randomly selected
individuals in the network.

See Supplemental Tables 2.5 and 2.6.

In many—though not all—schools, the
mean income difference was smaller for
nodes in the same network communities
(within) than for nodes in different network
communities (between). The reverse was
never true.

See Tables 2.3 and 2.4, and
Supplemental Tables 2.7 and 2.8.

In some—though not all—schools, a
smaller difference in income between any
given pair of adolescents increases the
likelihood of a friendship tie existing
between them. Result is generally robust
to adjustment for pairs being homophilous
by race/ethnicity.

See Table 2.5 and Supplemental Table
2.9.
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The analysis of dyads sorted into dyads within network communities and dyads between
network communities supports this finding of modest income level similarity between
adolescents in the same network communities. Zooming in on the network further and
disregarding the borders of network communities entirely, we found that income homophily
exists at the dyadic level in 5 of the 16 schools, after the effects of racial/ethnic homophily were
controlled for. Interestingly, of the 16 schools in the sample, income homophily appeared to be
just as prevalent as racial homophily. Networks in three schools showed racial/ethnic homophily,
three showed income homophily, and two showed both types of homophily. While the sample of
16 schools is insufficient to generalize any conclusions to a population-level, these results do
indicate that income may be—in some schools—an alternative or additional consideration to race
and ethnicity in the selection of close friends. It is intriguing, for example, that in the large high
school (“G”) with very little racial diversity we see income homophily, while in the large high
school (““H”) with significant racial diversity, we see racial homophily but not income homophily.

Taken together, these results indicate that segregation by family income level—defined in
a variety of ways—does appear to exist in many adolescent school-based social networks.
Furthermore, we find evidence that income segregation exists on all three levels of analysis. The
segregation that appears to be occurring is not, however, extreme in the sense of adolescents
forming social groups of homophilous income levels and then socially sequestering themselves.
There is, in fact, income diversity within network communities and individual-level friend
choices. Instead, we see a consistent, though modest preference at the dyadic level for friends

with similar income levels, and also a tendency for network communities to bring together
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adolescents of more similar income levels than we might expect to see if we selected two
adolescents at random from different network communities.

Each level analyzed represented a qualitatively different aspect of the social world.
Evaluating homophily at the dyadic level implies that selection of particularly close social
relationships is of upmost concern. This level is what is typically addressed in studies of
segregation in social networks and it is the only level about which a prior literature on
socioeconomic network segregation among adolescents existed. The best understood aspect of
socioeconomic salience in adolescent social networks was with respect to romantic and sexual
partners. In both older (Cohen 1979, Hollingshead 1949) and more recent data (Bearman,
Moody and Stovel 2004) researchers have found evidence that U.S. adolescents are more likely
to select partners with similar socioeconomic backgrounds. Some sparse literature (Maharaj and
Connolly 1994, Mouw and Entwisle 2006) has suggested that homophily may also exist at the
dyadic level among close friends, but these results are not consistent across all data sets and
countries (Burgess, Sanderson and Umana-Aponte 2011). This study confirms the findings of
Mouw and Entwisle, who also analyzed the Add Health sample, however this study adds to our
understanding of network segregation by family income level because we place income
homophily front and center in the analyzes, as opposed to treating it as a covariate of
racial/ethnic homophily. Based on these findings, we encourage future researchers to consider
socioeconomic homophily in evaluations of social networks, both independently from and in
conjunction with racial/ethnic homophily.

We also encourage researchers to critically evaluate what types of relationships are
captured in dyadic level data (and, indeed, in sociocentric data analyzed at higher levels as well).

For instance, social networks can be constructed to show only romantic relationships, familial
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relationships, or friendships. Even the number of nominations survey respondents are allowed to
make can affect what is captured. When respondents are encouraged to provide nominations of
an unlimited number of social contacts, these nominations may include friendly acquaintances,
whereas enforcing particularly strict limits on the number of nominations may restrict
respondents to nominating only the closest connections. While the Add Health survey’s limit of
10 nominations (5 male and 5 female) is not particularly strict, it did place an upper bound on the
number of social contacts adolescents could nominate. Adolescents were therefore encouraged
to be more selective in their friend nominations than if they had been allowed to nominate freely.
This survey choice helps to create the qualitative differences between the dyadic level and the
higher levels.

While the dyadic level has been previously evaluated, albeit sparsely, no studies of which
we are aware have analyzed other scales at which socioeconomic segregation may exist in
adolescent networks. As mentioned, addressing these scales implies that a fundamentally
different aspect of social networks is of interest. Social network communities can, and often do,
bring together individuals in a dense social fabric who may or may not be particularly close. Yet
because they are bound tightly by the network community within which they are both embedded,
these individuals will be more likely to interact with each other—even if only in a group
setting— more regularly than if they belonged to different network communities. Put another
way, individuals experience a social world shaped by people other than those they would list as
being among their closest friends. An exclusive focus in the literature on the dyadic level will
therefore neglect these other dimensions of the social world.

While evidence of income segregation was found at all three levels, there was no a priori

reason to expect this concurrence across levels of analysis. By differentiating the levels at which
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segregation in adolescent social networks is occurring we have gained a richer understanding for
how network structure reflects socioeconomic patterning. Based on this, we encourage
researchers to explicitly consider multiple scales of analysis when evaluating segregation in

social networks.

Limitations

One limitation of the present study concerns missing data. It is common for income-
related items in survey research to have low response rates, and therefore the 70% response rate
on the income item among parents surveyed was acceptable. A comparison of the demographic
profiles of respondents versus refusers is provided in Supplemental Table 2.1. Another
limitation concerns the completeness of the adolescent social networks. Students were restricted
to nominating 5 male and 5 female friends which may not reflect the true size or diversity of
students’ relevant social groups, and the data did not include information about romantic
relationship ties. The data was also unable to capture the diversity of networks that adolescents
may have in other settings—such as beyond the reach of the Add Health sample (e.g., friendships
formed during recreational activities outside of school, or with others from their neighborhood).
Finally, only 16 schools were included in the saturated sample, limiting the generalizability of
our findings. Despite the inherent limitations of the data, the saturated school Add Health
sample is one of the few data sets with both rich network and family income data among
adolescents, enabling a rare look into the structuring of adolescent social networks by

socioeconomic status.
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Significance

This study has addressed a major substantive gap in our understanding of income
segregation in adolescent social networks. Furthermore it has demonstrated that when evaluating
segregation in networks, it is critical to consider what scale the segregation may be occurring at,
and to critically evaluate what definitions of segregation are being employed, as conclusions may
differ widely depending on what choices are made. One key insight of this study is that while
income segregation at the dyadic level is occurring among adolescents in some schools, school
environments with sufficient socioeconomic diversity appear to foster friendship formation
across socioeconomic levels, at both the dyadic and network community levels.

A second key insight is that family income does appear to have some social salience in
the structure of adolescent social networks. The social processes that give rise to network
structures with apparent income segregation are unclear. For instance, the simplest explanation
is that adolescents are socially conscious of the material markers of family income and that they
attach social significance, such as status, to these makers and select friends accordingly.
Alternatively, adolescents may select friends based on preference for homophily by some other
factor. By controlling for racial/ethnic homophily at both the dyadic level and the network
community level, we find that preference for same-race friendships may partially explain the
income homophily and segregation observed, yet it does not entirely account for what is
observed. It is possible, however, that there are other unmeasured factors that could account for
income segregation in adolescent networks. For instance, family income may be associated with
adolescents’ financial ability to participate in extracurricular activities (Snellman et al. 2015), or
alternatively family income may be associated with adolescents’ preferences for particular

extracurricular activities (Bourdieu 1984). Adolescent networks may therefore become
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socioeconomically structured as a result of adolescents befriending others who share similar
activities and interests.

In future studies of the social processes involved in creating segregation, and the health
and educational implications of segregation, family income and other measures of

socioeconomic status are worthy of consideration alongside race and ethnicity.

87



REFERENCES

Acevedo-Garcia, Dolores and Kimberly A. Lochner. 2003. "Residential Segregation and Health."
in Neighborhoods and Health, edited by 1. Kawachi and L. F. Berkman. New York, NY:
Oxford University Press.

Ajrouch, Kristine J., Alysia Y. Blandon and Toni C. Antonucci. 2005. "Social Networks among
Men and Women: The Effects of Age and Socioeconomic Status." The Journals of
Gerontology Series B: Psychological Sciences and Social Sciences 60(6):S311-S17.

Ali, Mir M. and Debra S. Dwyer. 2010. "Social Network Effects in Alcohol Consumption among
Adolescents." Addictive Behaviors 35(4):337-42.

Anaconda by Continuum Analytics. 2015. "Python 2.7." http://continuum.io/.

Aneshensel, Carol S. and Clea A. Sucoff. 1996. "The Neighborhood Context of Adolescent
Mental Health." Journal of Health and Social Behavior 37(4):293-310.

Bearman, Peter S., James Moody and Kathrine Stovel. 2004. "Chains of Affection: The Structure
of Adolescent Romantic and Sexual Networks." American Journal of Sociology
110(1):44-91.

Bian, Yanijie, Ronald Breiger, Deborah Davis and Joseph Galaskiewicz. 2005. "Occupation,
Class, and Social Networks in Urban China." Social Forces 83(4):1443-68.

Bjarnason, Thoroddur. 2000. "Grooming for Success? The Impact of Adolescent Society on
Early Intergenerational Social Mobility." Journal of Family and Economic Issues
21(4):319-42.

Blau, Peter M., Danching Ruan and Monika Ardelt. 1991. "Interpersonal Choice and Networks

in China." Social Forces 69(4):1037-62.

88



Blondel, Vincent D., Jean-Loup Guillaume, Renaud Lambiotte and Etienne Lefebvre. 2008.
"Fast Unfolding of Communities in Large Networks." Journal of Statistical Mechanics
P10008.

Bourdieu, Pierre. 1984. Distinction: A Social Critique of the Judgment of Taste. Translated by R.
Nice. Cambridge, MA: Harvard University Press.

Browne, WJ. 2009. Mcmc Estimation in Mlwin V2.1: Centre for Multilevel Modelling,
University of Bristol.

Burgess, Simon, Eleanor Sanderson and Marcela Umana-Aponte. 2011. “School Ties: An
Analysis of Homophily in an Adolescent Friendship Network. Working Paper No.
11/267.” The Centre for Market and Public Organisation, Bristol Institute of Public
Affairs, University of Bristol.

Christakis, Nicholas A. and James H. Fowler. 2007. "The Spread of Obesity in a Large Social
Network over 32 Years." New England Journal of Medicine 357(4):370-79.

Christakis, Nicholas A. and James H. Fowler. 2008. "The Collective Dynamics of Smoking in a
Large Social Network." New England Journal of Medicine 358(21):2249-58.

Cohen, Jere. 1979. "Socio-Economic Status and High-School Friendship Choice: Elmtown's
Youth Revisited." Social Networks 2(1):65-74.

Cohen, Sheldon, Denise Janicki-Deverts and Gregory E. Miller. 2007. "Psychological Stress and
Disease.". The Journal of the American Medical Association 298(14):1685-87.

Coleman, James S. 1961. The Adolescent Society. Glencoe, Illinois: Free Press.

Crosnoe, Robert. 2009. "Low-Income Students and the Socioeconomic Composition of Public

High Schools." American Sociological Review T4(5):709-30.

&9



Csardi, Gabor and Tamas Nepusz. 2006. "The Igraph Software Package for Complex Network
Research." InterJournal, Complex Systems 1695, http://igraph.org.

Currarini, Sergio, Matthew O. Jackson and Paolo Pin. 2010. "Identifying the Roles of Race-
Based Choice and Chance in High School Friendship Network Formation." Proceedings
of the National Academy of Sciences USA 107(11):4857-61.

DiPrete, Thomas A., Andrew Gelman, Tyler McCormick, Julien Teitler and Tian Zheng. 2011.
"Segregation in Social Networks Based on Acquaintanceship and Trust." American
Journal of Sociology 116(4):1234-83.

Emmons, Karen M. 2000. "Health Behaviors in a Social Context." in Social Epidemiology,
edited by L. F. Berkman and 1. Kawachi. New York, NY: Oxford University Press, Inc.

Erbe, Brigitte M. 1975. "Race and Socioeconomic Segregation." American Sociological Review
40(6):801-12.

Farley, Reynolds and Alma F. Taeuber. 1974. "Racial Segregation in the Public Schools."
American Journal of Sociology 79(4):888-905.

Fiel, Jeremy E. 2013. "Decomposing School Resegregation: Social Closure, Racial Imbalance,
and Racial Isolation." American Sociological Review 78(5):828-48.

Forero, Roberto, Lyndall McLellan, Chris Rissel and Adrian Bauman. 1999. "Bullying Behavior
and Psychosocial Health among School Students in New South Wales, Astralia: Cross
Sectional Survey." BMJ 319:344-48.

Fortunato, Santo. 2010. "Community Detection in Graphs." Physics Reports 486:75-174.

Fuller-Rowell, Thomas E., Gary W. Evans and Anthony D. Ong. 2012. "Poverty and Health: The

Mediating Role of Perceived Discrimination." Psychological Science 23(7):734-39.

90



Gonzalez, MC, HJ Herrmann, J Kertész and T Vicsek. 2007. "Community Structure and Ethnic
Preferences in School Friendship Networks." Physica A 379(1):307-16.

Hagberg, AA, DA Schult and PJ Swart. 2008. "Exploring Network Structure, Dynamics, and
Function Using Networkx." Paper presented at the Proceedings of the 7th Python in
Science Conference (SciPy2008), Pasadena, CA.

Hanson, Margaret D. and Edith Chen. 2007. "Socioeconomic Status and Health Behaviors in
Adolescence: A Review of the Literature." Journal of Behavioral Medicine 30(3):263-85.

Harris, KM, CT Halpern, E Whitsel, J Hussey, J Tabor, P Entzel and JR Udry. 2009, "The
National Longitudinal Study of Adolescent Health: Research Design [WWW
Document]". (URL: http://www.cpc.unc.edu/projects/addhealth/design.).

Hollingshead, August B. 1949. Elmtown's Youth: The Impact of Social Classes on Adolescents.
New York: John Wiley.

Hunter, JD. 2007. "Matplotlib: A 2D Graphics Environment." Computing In Science and
Engineering 9(3):90-95.

James, David R. 1989. "City Limits on Racial Equality: The Effects of City-Suburb Boundaries
on Public-School Desegregation, 1968-1976." American Sociological Review 54(6):963-
85.

King, Morton B., Jr. 1961. "Socioeconomic Status and Sociometric Choice." Social Forces
39(3):199-206.

Logan, John R., Deirdre Oakley and Jacob Stowell. 2008. "School Segregation in Metropolitan
Regions, 1970-2000: The Impacts of Policy Choices on Public Education." American

Journal of Sociology 113(6):1611-44.

91



Mabharaj, Sherry . and Jennifer A. Connolly. 1994. "Peer Network Composition of Acculturated
and Ethnoculturally-Affiliated Adolescents in a Multicultural Setting." Journal of
Adolescent Research 9(2):218-40.

Marques, Eduardo. 2012. "Social Networks, Segregation and Poverty in Sao Paulo."
International Journal of Urban and Regional Research 36(5):958-79.

Massey, Douglas S. and Nancy A. Denton. 1993. American Apartheid: Segregation and the
Making of the Underclass. Cambridge, MA: Harvard University Press.

Massey, Douglas S. 2004. "Segregation and Stratification: A Biosocial Perspective." Du Bois
Review 1(1):7-25.

McKinney, W. 2011. "Python Pandas." AQR Capital Management, Lambda Foundry Inc,
http://pandas.pydata.org/.

McPherson, M, L Smith-Lovin and J Cook. 2001. "Birds of a Feather: Homophily in Social
Networks." Annual Review of Sociology 27(1):415-44.

Moody, James. 2001. "Race, School Integration, and Friendship Segregation in America."
American Journal of Sociology 107(3):679-716.

Moody, James and Douglas R. White. 2003. "Structural Cohesion and Embeddedness: A
Hierarchical Concept of Social Groups." American Sociological Review 68(1):103-27.

Mouw, T and B Entwisle. 2006. "Residential Segregation and Interracial Friendships in
Schools." American Journal of Sociology 112(2):394-441.

Nansel, Tonja R., Mary Overpeck, Ramani S. Pilla, W. June Ruan, Bruce Simons-Morton and
Peter Scheidt. 2001. "Bullying Behaviors among Us Youth: Prevalence and Association
with Psychosocial Adjustment." The Journal of the American Medical Association

285(16):2094-100.

92



Neal, Jennifer W. 2010. "Hanging Out: Features of Urban Children's Peer Social Networks."
Journal of Social and Personal Relationships 27(7):982-1000.

Newman, MEJ. 2006a. "Finding Community Structure in Networks Using the Eigenvectors of
Matrices." Physical Review E 74(036104).

Newman, MEJ. 2006b. "Modularity and Community Structure in Networks." Proceedings of the
National Academy of Sciences USA 103:8577-82.

NumPy Developers. 2005. "Numpy User Guide." http://www.numpy.org/.

Palla, Gergely, Imre Derényi, Il1és Farkas and Tamas Vicsek. 2005. "Uncovering the
Overlapping Community Structure of Complex Networks in Nature and Society." Nature
435(814-818).

Porter, Mason A., Jukka-Pekka Onnela and Peter J. Mucha. 2009. "Communities in Networks."
Notices of the American Mathematical Society 56(9):1082-97.

Quillian, Lincoln and Mary E. Campbell. 2003. "Beyond Black and White: The Present and
Future of Mutliracial Friendship Segregation." American Sociological Review 68(4):540-
66.

Rasbash, J, W] Browne, M Healy, B Cameron and C Charlton. 2015. MLwiN Version 2.32:
Centre for Multilevel Modelling, University of Bristol.

Reardon, Sean F. and Kendra Bischoff. 2011. "Income Inequality and Income Segregation."
American Journal of Sociology 116(4):1092-153.

Ross, Catherine E. and Chia-ling Wu. 1995. "The Links between Education and Health."
American Sociological Review 60(5):719-45.

SAS Institute Inc. 2011. "SAS/AF ® 9.3 Procedure Guide." Cary, NC: SAS Institute Inc.

93



Schofield, Janet W. and Bernard E. Whitley Jr. 1983. "Peer Nomination Vs. Rating Scale
Measurement of Children's Peer Preferences." Social Psychology Quarterly 46(3):242-51.

Smith, Jeffrey A., Miller McPherson and Lynn Smith-Lovin. 2014. "Social Distance in the
United States: Sex, Race, Religion, Age, and Education Homophily among Confidants,
1985 to 2004." American Sociological Review 79(3):432-56.

Snellman, Kaisa, Jennifer M. Silva, Carl B. Frederick and Robert D. Putnam. 2015. "The
Engagement Gap: Social Mobility and Extracurricular Participation among American
Youth ". The ANNALS of the American Academy of Political and Social Science
657(1):194-207.

Sourander, Andre, Peter Jensen, John A. Ronning, Solja Niemel4, Hans Helenius, Lauri
SIllanmaiki, Kirsti Kumpulainen, Jorma Piha, Tuula Tamminen, Irma Moilanen and
Fredrik Almqvist. 2007. "What Is the Early Adulthood Outcome of Boys Who Bully or
Are Bullied in Childhood? The Finnish "from a Boy to a Man" Study." Pediatrics
120(2):397-404.

Tomaskovic-Devey, Donald, Catherine Zimmer, Kevin Stainback, Corre Robinson, Tiffany
Taylor and Tricia McTague. 2006. "Documenting Desgregation: Segregation in
American Workplaces by Race, Ethnicity, and Sex, 1966-2003." American Sociological
Review 71(4):565-88.

UNC Carolina Population Center project. "Program Code for Race". Retrieved 09 Feb 2014,
(http://www.cpc.unc.edu/projects/addhealth/data/code/race).

Williams, David R. and Selina A. Mohammed. 2009. "Discrimination and Racial Disparities in

Health: Evidence and Needed Research." Journal of Behavioral Medicine 32(1):20-47.

94



Willms, J. Douglas. 1986. "Social Class Segregation and Its Relationship to Pupils' Examination
Results in Scotland." American Sociological Review 51(2):224-41.

Wilson, Alan B. 1959. "Residential Segregation of Social Classes and Aspirations of High
School Boys." American Sociological Review 24(6):836-45.

Wilson, Travis and Philip C. Rodkin. 2011. "African American and European American
Children in Diverse Elementary Classrooms: Social Integration, Social Status, and Social
Behavior." Child Dev 82(5):1454-609.

Winkleby, Marilyn A., Darius E. Jatulis, Erica Frank and Stephen P. Fortmann. 1992.
"Socioeconomic Status and Health: How Education, Income, and Occupation Contribute
to Risk Factors for Cardiovascular Disease." American Journal of Public Health

82(6):816-20.

95



APPENDIX A: CHAPTER 2 SUPPLEMENTAL TABLES

96



— (%05°0€) R%3 (%leLe) 608
— (%€6'02)  ¥eT (%21'2e)  0¢£8
— (%16°22) 2lE (%21'92) 6.9
— (%08°2L) 661 (%S¥0L) 042
— (%98°2) ze (%00°0) 0
— (%.8'62)  vee (%8L'¥S)  00vL
— (%86°0) Ll (%85°0) Gl
— (%86°0) Ll (%02°1) 44
— (%L1°€2)  65¢ (%19°LL)  00¢
— (%SS9L) g8l (%06°7L)  G8¢
— (%8¢82)  Ll€ (%16'9L) &P
— (%60°0) | (%21°0) €
(%89'6%7)  ¥6¢ (%lZ8y)  6€S (%cezs)  zsel
(%2€08)  66¢ (%61°18) 64§ (%89°Ly)  zeTl
(%00°00L) €64 (%0000L) 8LLL (%00°001) ¥8S¢
(%) N Aouanbauiy (%) N Aouanbaig (%) N Aouanbaig
UQAQ\EBW JON m:..mm:\_\ 40 posnjay auwioauj papinoid
}40M}SN Ul pajeulWoN paAaning a|dwes uiep

alow 1o aalbap abajj0)
aalbap ou abs|j00 swog
[ooyos ybiy payejdwon
[ooyos ybiy uey} ssa
buissipyy

sjuaied Jo |aAaT uoneonp3 1saybiH
olueds|H-UON ‘SUUAA
oluedsiH-UoN ‘48yl0
oluedsiH-UON ‘uedlawy aAlleN
oluedsIH-UON ‘uelsy
oluedsiH-UON ‘Yoe|g
oulne Jo oluedsiy
buissipyy

Ju9dsa|0pY O AJIoIUylg / SoeY
e
alewa

JUSOS9|0PY JO X8

V101

sjasqng ajdwes ssoJoy sa|joid dlydesbowa jo uosiedwo) "L g ajqel |euawajddng

97



"SJe||op Jo spuesnoy} uj ,,
‘pakaAins Jou a1em JNg YJom}au
8y} JO Slequiall SB PajeuILIOU 819M OUYM Sjuspn)s apn|oul Jou saop pue ‘sjdwes y)esH ppy 8yl Ajuo sajijoid a|qe) siy| :BJ0N

% 8€°09 % €9°¥C % LZ’El % 68" VA TARNYIAL® | €g d
% 98°L¥ % L' LE % G6°El % 86°9 ¥6'0€  0C'ty (A7 @)
% G8'€S % LECY % G8'¢ % 000 06'¢S ¢cC't6 Zs N
% 81L°81 % €L°C¢ % 00°0% % 60°6 l6'¥C  80°¢C¢E Gg N
% 00°0¢ % 00°0S % 00°0¢ % 000 ea'vl 08'8¢ 0¢ 1
% ¥0'6S % 0€°'G¢ % S0°CL % 19°€ YA A" 99'8¢ €8 A
% 68°6 % LV L2 % Gt'6¥ % 60°Cl 16°CY LL'EY 16 r
% 8S9°LG % LELE % 010} % 1L0°L S0'6¢ 19°0¥ 66 I
% 08°0€ % 2992 % €0°LC % LZ'LC 06'sc  6lL0¥ LcLL H
% G8'8¢ % €G°EE % 18'¢¢ % 60 68, €06V A% ] 9
% LE'LY % 68°CE % S¥'91 % 62°¢ g¥'6c  GG9'ES Zsl E|
% LG'EL % 29°LC % 9199 % LC'L ge'oc  vlle LLL 3
% C€'6 % 9€°¢¢ % 8¢'GS % ¥0°€l 70’61 68'6¢ 191 a
% 9¥'8¢ % €€°¢E % 96°v€ % v¥'¢ e 0OF'LS ecl 0]
% 81°6Y % 86°0% % 786 % 00°0 l6'6E  €2°0S 19 d
% €€°El % L9°9¢C % 00°0% % 00°0C go've 0L9¢ 1% v
% 90°L€ % .82 % 99°9¢ % L9°Cl €9'6C¢ 98't¥y 20.g V101
alow Jo abajj0on ab9j0o awog daibap jooyas ybiH |ooyas ybiy ueyy ssa as uea|y N Aouanbaig |ooyoss

ueipJens) 1o juaied JO [9A37 uoneanp3 1saybiH

, dwoou| Ajjwey

uoneonp3 1sayBiH Yim ueipiens) Jo jusied
8y} JO [9AST UOIBONPT 8y} pue 8Woou| Ajlwe4—s|ooyos ajdwes pajeinies Jo 9|1joid dIWoU0I80I00S g2 g dlqel [ejuawsajddng

98



"suonsanb Ajoluyys/aoel o) sasuodsal Buissiw 0} anp jooyos Jad %00 | UeY} SS9| 0} S|EJO] ,,

‘pakaAins Jou a1em Inq
}I0MJBU 8U} JO Slequiall SB PaJBUILLIOU BJ9M OUM SJUapn]s apnjoul Jou seop pue ‘ejdwes yjjeaH ppy eyl Ajuo ssjijoid ajge) siy] :8jo0N

%000 %000 %000 %99'G %000 %bE v6 %¥0°99 o d
%000 %000 %000 %EET %000 %L9'16 %9L°LG e o)
%G8'E %000 %G8'E %8E'GL %Z6'L %00°'G. %G8'ES zs N
%G'S %28l %SG %16°0€ %GS ¥l %28’ LY %606 S N
%000 %000 %00°0 %000 %000 %0000 %00°'GS 0z 1
%000 %000 %000 %Ly %BS'.6 %000 %L0'€S €8 M
%000 %0E’'E %000 %000 %000 %0.'96 %G.'2S 16 r
%000 %E0'E %L0'L %L0'L %000 %SG6 V6 %bS €S 66 _
%.8°0 %910 %6V L€ %22 6E %8L'EZ  %ES Y %L1L'8Y 121 H
%810 %LE'E %960 %80'L %¥Z 0 %.8'€6 %8Y L ze8 )
%990 %990 %99'0 %ES 0L %BESY  %LLTY %GS'8S ]! 4
%060 %106 %060 %000 %081 %BE L8 %SG 0S m 3
%000 %000 %000 %290 %Y L %1 86 %8V EY 191 a
%000 %180 %000 %E9'L %000 %95 /6 %G9O €zl 0
%000 %000 %000 %Z6'Y %00°0 %80°'G6 %9¥'2S 19 g
%000 %000 %22 %95 'GE %EE'EL %688 %688 S v
%00 %6V L %0L'GL %LE0Z %0%'Gl %b8 O %Z6'8Y 20.€ V1oL
1BYl0 %  UedLIdWY dANEN % uelsy % ojuedsiH % MoeI9 % OMUM %  oJewad % N |ooyos
» Kuoluyig / aoey xog

Auoiuyyg/eoey pue xeS—s|ooyos ajdwes pajeln)es Jo ajijoid olydesbows( "¢ g aiqel |eyuswajddng

99



Supplemental Table 2.4. Number of Network Communities by School and Detection Algorithm

School Modularity Maximization K-Clique Percolation
TOTAL 195 383
A 8 0
B 5 3
C 18 11
D 10 15
E 9 14
F 8 23
G 19 89
H 48 200
I 13 6
J 6 3
K 10 6
L 4 1
M 8 3
N 7 7
O 11 1
P 11 1

Note: The full sample was utilized in order to identify network communities. After loss of some
observations due to missingness, a total of 181 modularity maximization network communities
and 350 k-clique network communities were used in the analyses.
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Supplemental Table 2.5. K-clique (k = 3) Community Detection Analysis of Income Segregation in

Network Communities of 10 or more nodes using various samples to estimate p-values.

Sample = Sample = Sample =
All Students Students in Students in Sample =
School Clique Size in School Large Cliques Any Size Students with
ID Clique ID N nodes Network (=10) @ Clique ® Degree 22 °
B 1 10 0.255
2 20 0.457
3 20 0.457
D 1 10 0.368
2 46 0.457
E 1 26 0.419
2 34 0.436
F 1 10 0.336
2 16 0.293
3 18 0.316
4 27 0.352
G 1 10 0.306 0.263 0.296 0.283
2 11 0.297 0.272 0.276 0.302
3 11 0.297 0.272 0.276 0.302
4 13 0.291 0.245 0.275 0.308
5 14 0.292 0.298 0.269 0.312
6 14 0.292 0.298 0.269 0.312
7 15 0.285 0.279 0.287 0.292
8 16 0.301 0.271 0.293 0.286
9 16 0.301 0.271 0.293 0.286
10 29 0.358 0.369 0.357 0.325
11 33 0.343 0.395 0.337 0.364
12 38 0.384 0.400 0.383 0.372
13 56 0.403 0.447 0.395 0.388
14 69 0.401 0.469 0.463 0.436
15 276 0.483 0.489 0.454 0.458
H 1 10 0.296 0.192 0.308 0.296
2 10 0.296 0.192 0.308 0.296
3 10 0.296 0.192 0.308 0.296
4 10 0.296 0.192 0.308 0.296
5 11 0.308 0.174 0.265 0.321
6 11 0.308 0.174 0.265 0.321
7 13 0.334 0.167 0.275 0.291
8 14 0.324 0.166 0.262 0.317
9 17 0.322 0.162 0.266 0.317
10 18 0.330 0.133 0.279 0.288
11 19 0.317 0.145 0.256 0.311
12 23 0.345 0.117 0.254 0.334
13 37 0.349 0.131 0.249 0.310
14 38 0.321 0.140 0.248 0.288
15 39 0.346 0.136 0.244 0.303
16 77 0.342 0.216 0.274 0.292
Continued
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Supplemental Table 2.5 Continued

P-value
Sample = Sample = Sample =
All Students Students in Students in Sample =

School Clique Size in School Large Cliques Any Size Students with
ID Clique ID N nodes Network (210) @ Clique © Degree 2 2 °
J 1 13 0.344

2 58 0.628
K 1 13 0.477

2 15 0.453
L 1 16 0.501
M 1 23 0.436
N 1 19 0.441

2 21 0.452

Note: Four schools (A, C, O and P) did not have any large cliques (size 10 nodes or more) and so were

not included in this aspect of the analysis.

P-values were estimated using repeated sampling from the designated sample (1,000 draws) and then
comparing the empirical variance to the expected variance distribution.

& Alternative sub-samples from the school were evaluated as a means of sensitivity testing. Because
repeated sampling from students belonging to cliques can only be done in schools with many cliques,
only schools G and H are included in these sensitivity tests.
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Supplemental Table 2.6. Modularity Maximization Community Detection Analysis of Income Segregation
in Network Communities of 10 or more nodes using various samples to estimate p-values.

Community Size

Sample =
All Students in

Sample =
Students in Large

School ID  Community ID N nodes School Network Communities (=10) @
B 1 14 0.299
2 14 0.299
3 15 0.357
4 24 0.510
C 1 10 0.152
2 10 0.152
3 10 0.152
4 13 0.179
5 14 0.176
6 15 0.174
7 18 0.239
D 1 11 0.346
2 19 0.392
3 20 0.391
4 27 0.408
5 28 0.431
6 30 0.455
7 33 0.445
E 1 17 0.388
2 21 0.381
3 21 0.381
4 24 0.422
5 25 0.424
F 1 11 0.319
2 17 0.325
3 23 0.307
4 28 0.320
5 39 0.337
6 40 0.329
G 1 32 0.345 0.365
2 37 0.363 0.330
3 44 0.364 0.367
4 45 0.392 0.394
5 57 0.398 0.362
6 58 0.436 0.394
7 64 0.419 0.412
8 70 0.404 0.430
9 75 0.414 0.426
10 80 0.448 0.457
11 81 0.456 0.462
12 87 0.469 0.429
13 89 0.469 0.412
14 116 0.482 0.460
15 116 0.482 0.460
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Supplemental Table 2.6 Continued

P-value
Community Size Sample = All Sample = Students in Large
School ID  Community ID N nodes Students in Network Communities (=10) @
H 1 35 0.338 0.352
2 37 0.349 0.306
3 38 0.321 0.337
4 38 0.321 0.337
5 41 0.353 0.337
6 43 0.341 0.308
7 51 0.340 0.311
8 51 0.340 0.311
9 53 0.344 0.328
10 55 0.334 0.321
11 58 0.324 0.320
12 60 0.317 0.295
13 66 0.341 0.317
14 72 0.353 0.320
15 77 0.342 0.332
16 82 0.343 0.328
17 84 0.318 0.320
18 94 0.331 0.290
19 96 0.354 0.290
20 97 0.341 0.344
21 98 0.317 0.313
22 108 0.349 0.319
23 110 0.330 0.353
24 116 0.335 0.324
25 122 0.347 0.336
I 1 14 0.207
2 15 0.234
3 16 0.262
4 17 0.270
J 1 13 0.344
2 15 0.387
3 16 0.403
4 18 0.473
5 24 0.561
K 1 10 0.422
2 16 0.462
3 23 0.491
4 33 0.494
M 1 10 0.329
2 12 0.375
3 14 0.430
4 14 0.430
N 1 11 0.418
2 11 0.418
3 18 0.428
4 22 0.441
0 1 10 0.368

Note: P-values were estimated using repeated sampling from the designated sample (1,000 draws) and
then comparing the empirical variance to the expected variance distribution. Two schools (A and P) did
not have any large communities (10 nodes or more) and so were not included.

@ These analyses were conducted in schools G and H as a sensitivity test.
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Supplemental Table 2.9. Dyadic Level Income Segregation — Logit Models of Difference in Income

Between Dyad Pairs Predicting Probability of a Tie Existing

School ID Parameter Estimate SE Z-score P-value

A Intercept -4.4966 0.4873 -9.2276 <.0001
Income Difference 0.0034 0.0133 0.2556 0.8012

B Intercept -2.7567 0.1280 -21.5367 <.0001
Income Difference -0.0029 0.0025 -1.1600 0.2531

C Intercept -4.0657 0.1588 -25.6026 <.0001
Income Difference -0.0028 0.0038 -0.7368 0.4619

D Intercept -3.3804 0.0986 -34.2840 <.0001
Income Difference -0.0129 0.0040 -3.2250 0.0011 **

E Intercept -3.4361 0.1239 -27.7328 <.0001
Income Difference -0.0001 0.0043 -0.0233 0.9872

F Intercept -3.2982 0.0961 -34.3205 <.0001
Income Difference -0.0094 0.0028 -3.3571 0.00Q7 ***

G Intercept -4.7002 0.0319 -147.3417 <.0001
Income Difference -0.0025 0.0008 -3.1250 0.0031 **

H Intercept -5.9751 0.0356 -167.8399 <.0001
Income Difference -0.0027 0.0010 -2.7000 0.0049 **

I Intercept -3.5149 0.1081 -32.5153 <.0001
Income Difference -0.0007 0.0028 -0.2500 0.8094

J Intercept -2.5714 0.0865 -29.7272 <.0001
Income Difference -0.0042 0.0019 -2.2105 0.0258 *

K Intercept -3.2361 0.1810 -17.8790 <.0001
Income Difference -0.0026 0.0073 -0.3562 0.7202

L Intercept -1.4470 0.4052 -3.5711 0.0004
Income Difference -0.0063 0.0203 -0.3103 0.7551

M Intercept -2.4160 0.1450 -16.6621 <.0001
Income Difference -0.0020 0.0043 -0.4651 0.6442

N Intercept -1.9440 0.1309 -14.8510 <.0001
Income Difference -0.0044 0.0021 -2.0952 0.0406 *

0] Intercept -2.8939 0.2360 -12.2623 <.0001
Income Difference -0.0086 0.0060 -1.4333 0.1494

P Intercept -3.0978 0.2604 -11.8963 <.0001
Income Difference -0.0117 0.0074 -1.5811 0.1118

Note: The parameter estimates for income difference is almost always negative (though not always
statistically significant), which indicates a consistent effect of increased income difference reducing the
probability of a tie existing.

Evidence of homophily (one tail test) at: * P < 0.05, ** P< 0.01, *** P < 0.001
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ABSTRACT

Adolescent health and behaviors are influenced by multiple contexts, including schools,
neighborhoods, and social networks, yet these contexts are rarely considered simultaneously. In
this study we combine social network community detection analysis and cross-classified
multilevel modeling in order to compare the contributions of each of these three contexts to the
total variation in adolescent body mass index (BMI). Wave 1 of the National Longitudinal Study
of Adolescent to Adult Health is used, and for robustness we conduct the analysis in both the full
sample available (122 schools; N=14,144) and a sub-set of the sample (16 schools; N=3,335),
known as the saturated sample due to its completeness of neighborhood data. After adjusting for
relevant covariates, we find that the school-level and neighborhood-level contributions to the
variance are modest compared with the network community-level (ozsch001=0.069,
azneighborh00d=0.l44, aznetwork=0.463). These results are robust to two alternative algorithms for
specifying network communities, and to analysis in the saturated sample. While this study does
not determine whether network effects are attributable to social influence or selection, it does
highlight the salience of adolescent social networks and indicates that they may be a promising

context to address in the design of health promotion programs.
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CHAPTER 3: MULTIPLE CONTEXTS AND ADOLESCENT BODY MASS INDEX: SCHOOLS,
NEIGHBORHOODS, AND SOCIAL NETWORKS

INTRODUCTION

Multiple contexts are relevant in shaping individual and population-level health and
health behaviors. These include both physically or spatially defined environments, such as
neighborhoods, schools, and workplaces, and socially defined environments, such as the social
networks within which individuals are embedded. Historically these contexts have often been
studied individually, likely due to the recentness of the availability of methods capable of
addressing them simultaneously (Dunn et al. 2015b, Rasbash and Goldstein 1994), such as cross-
classified multilevel modeling (CCMM). Since the development of CCMM, researchers have
used them most frequently to study the simultaneous and relative contributions of schools and
neighborhoods (Aminzadeh et al. 2013, Dunn et al. 2015a, Dunn et al. 2015b, Oberwittler 2007,
Teitler and Weiss 2000, Townsend, Rutter and Foster 2012, Utter et al. 2011, West, Sweeting
and Leyland 2004), and workplaces and neighborhoods (Moore et al. 2013, Muntaner et al. 2004,
Muntaner et al. 2011, Muntaner et al. 2006, Virtanen et al. 2010) to variation in health behaviors
and outcomes. However, studies have rarely bridged the domains of social networks and
physical environments, and never within a CCMM framework. This gap in current knowledge is
critical to address for two major reasons. First, there is tremendous value in ascertaining the
relative contributions made by these contexts to the distribution of particular health behaviors
and outcomes, as this would enable researchers and policy makers to more effectively target
interventions and policies to address heath inequalities. Second, omitting potentially relevant
contexts from analyses—particularly those using CCMM-—may result in omitted context bias, or
the attribution of variance associated with the omitted level to the included level or levels (Dunn

et al. 2015b, Meyers and Beretvas 2006).
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In this study we apply a novel combination of social network community detection
analysis and cross-classified multilevel modeling to address this knowledge gap by directly and
explicitly comparing the contributions of each of three contexts—schools, neighborhoods, and
social networks—to the total variation in adolescent body mass index (BMI). The analysis is
conducted using data from wave 1 of the National Longitudinal Study of Adolescent to Adult
Health (Add Health). Adolescent body mass index (BMI) is the focus of this study for two main
reasons. First, all three contexts have been implicated in prior research as highly relevant to
shaping individual-level and population-level distributions of adolescent BMI. Second, the child
and adolescent obesity epidemic in the United States represents a major public health challenge
due both to its scope (Ogden et al. 2012) and numerous comorbidities (Ferraro and Kelley-
Moore 2003, National Institute of Health 1998). Disentangling the contributions of relevant

contexts that shape this epidemic will be key to addressing it.

Schools

The clustering of child and adolescent weight status by school-level has been found in a
variety of data sets and populations (Procter et al. 2008, Richmond and Subramanian 2008,
Richmond et al. 2015, Townsend, Rutter and Foster 2012, Utter et al. 2011). In particular,
school-level factors that have been linked to student BMI, physical activity levels, and
healthiness of diets, include: socioeconomic status (Miyazaki and Stack 2015, Richmond et al.
2006, Richmond and Subramanian 2008), the prevalence of school food practices (e.g., using
food as rewards and incentives) (Kubik, Lytle and Story 2005), aspects of the school built
environment such as rural locality, school size and setting, and playground area (Gomes et al.
2014, Miyazaki and Stack 2015), and aspects of the school curriculum, such as frequency and

duration of physical education classes, the qualification of physical education teachers, and the
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presence of school-based nutrition programs (Gomes et al. 2014, Veugelers and Fitzgerald 2005).
These findings have situated schools in the policy limelight as both potential shapers of child and
adolescent diet and physical activity, and as potential locales for the implementation of health

promotion programs.

Neighborhoods

Neighborhoods have similarly been identified as salient to the clustering of child and
adolescent BMI (Richmond et al. 2015, Townsend, Rutter and Foster 2012). Aspects of
neighborhood built environments, such as proximity and access to parks, physical activity
establishments, grocery stores, and fast food providers (Carroll-Scott et al. 2013, Schwartz et al.
2011), aspects of neighborhood socioeconomic environments, particularly area deprivation
(Carroll-Scott et al. 2013, Grow et al. 2010, Rossen 2014, Schwartz et al. 2011, Townsend,
Rutter and Foster 2012, Voorhees et al. 2009), and aspects of neighborhood social environments,
including neighborhood crime, safety, and social connectivity (Carroll-Scott et al. 2013, Molnar
et al. 2004, Utter et al. 2011), have been linked to child and adolescent BMI, healthy and

unhealthy eating behaviors, physical activity levels, and hours of sedentary screen time.

Social Networks

The structuring of social networks by health status has become an intriguing new area of
research. Among both adolescents (Trogdon, Nonnemaker and Pais 2008, Valente et al. 2009)
and adults (Christakis and Fowler 2007), a tendency for overweight and obese individuals to
cluster, or in other words, for friends to be similar to each other in terms of weight status, has
been found. A recent review (Fletcher, Bonell and Sorhaindo 2011) of social network analyses
evaluating the eating behaviors and bodyweight of young people found consistent evidence that

school friends are clustered according to BMI, and that the frequency of fast food consumption
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clusters within groups of boys, whereas body image concerns, dieting, and eating disorders
cluster among girls. Additionally, overweight and obese youth are less likely to be popular and
more likely to be socially isolated.

It is not the purpose of this study to disentangle the roles of selection (the tendency for
individuals to preferentially select friends who are similar to them in weight status, or other
characteristics that are correlated with weight status) and social influence (the social contagion of
behaviors with relevance to weight status, such as diet and exercise) in generating clustering of
weight status in social networks. Instead we address another primary concern (Cohen-Cole and
Fletcher 2008b, Fowler and Christakis 2008)—the disentangling of the roles of shared

environments such as schools and neighborhoods from network effects.

Simultaneous Contexts

The substantive goal of this study is to determine the relative contributions of schools,
neighborhoods of residence, and adolescent school-based peer networks to the variance of BMI
observed. Studies addressing the simultaneous roles of schools and neighborhoods have
consistently determined that both contexts contribute significantly to the variance in adolescent
BMI and physical activity (Richmond et al. 2015, Townsend, Rutter and Foster 2012, Utter et al.
2011), yet such studies are still rare, and none that we are aware of have included adolescent peer
networks as well.

Studies that have addressed the roles of both social networks (broadly defined) and
environments to health outcomes of any kind are uncommon. In a recent review we conducted,
these studies fell into three categories. In Category 1, network analyses involved the use of
friend (or “alter”) attributes to predict attributes of individuals (or “egos”) of interest, while

school environments were controlled for as fixed effects (Ali, Amialchuk and Dwyer 2011, Alj,
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Amialchuk and Renna 2011, Ali and Dwyer 2011, Ali, Dwyer and Rizzo 2011, Ali and Dwyer
2010, Cohen-Cole and Fletcher 2008a, Cohen-Cole and Fletcher 2009, Trogdon, Nonnemaker
and Pais 2008). Variants on this theme include studies where the effect of alters on egos was
evaluated based on geographic distance to determine whether the effect degraded as distance
increased (Christakis and Fowler 2007, Christakis and Fowler 2008). The hallmark of studies
belonging to this category is that environment is treated as a confounder to be adjusted for, rather
than as a separate contributor to the variance that is of substantive interest.

Studies in Category 2 included both network covariates (such as rate of cholera in a
social community) and environment covariates (such as rate of cholera in a spatial community)
as fixed effect predictors in regression models (Emch et al. 2012, Giebultowicz et al. 2011a,
Giebultowicz et al. 2011b). Variants of studies in this category would include covariates for
constructs related to social networks, such as social capital (Richmond et al. 2014), though we
did not specifically review that literature. While studies such as these enable comparisons of
particular aspects of networks or environments that may be of interest, this approach does not
enable an evaluation of the holistic contributions made by networks and environments.

Category 3 included only one study, which was recently published by Perez-Heydrich et
al. (2013). In this study, networks were represented using fixed effects and neighborhood
elements were included as spatial autoregression coefficients in order to correct for spatial
dependence. This innovative approach to understanding both social and spatial processes is
worthy of further exploration. However, for our current purposes this approach does not enable
a direct comparison of the relative influence of networks and environment contexts.

This review highlights two points. First, BMI and obesity were addressed in a networks

context but only in Category 1, where environment was not usually of substantive interest.
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Second, an innovative approach is required in order to directly compare and better understand
the simultaneity of multiple contexts. In this study we present a novel analytic approach,
combining social network analysis and multilevel modeling, to disentangle and compare school,

neighborhood, and social network contexts.

METHODS

Data

The National Longitudinal Study of Adolescent to Adult Health (Add Health) is a
longitudinal study of a nationally representative sample of US adolescents who were in grades 7-
12 in the first wave of interviews (1994-1995) (Harris et al. 2009). The primary sampling frame
was derived from the Quality Education Database (QED) and was used to select a stratified
sample of 80 high schools with probability proportional to size, as well as 52 middle schools that
were paired to the high schools as feeders. Schools were stratified based on region, urbanicity,
school type (public, private, parochial), ethnic mix and size. A unique aspect of the Add Health
data is that students were asked to nominate up to 10 of their closest friends (5 male and 5
female), and therefore it is possible to construct sociocentric social network for each school. In
wave 1, social network questions were administered in both the in-school questionnaire, which
surveyed the full sample of participating students, and in an in-home questionnaire, which was
administered to a sub-sample of students from each school (referred to as the “core sample”).
The core sample was selected through a combination of stratified random sampling (to ensure a
mix of students across grades and ages) and oversampling of racial and ethnic minorities. The
in-home questionnaire also captured greater detail of student health and identifiers of

neighborhood of residence.
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In two large high schools and fourteen smaller middle schools and high schools, in-home
interviews were attempted with all students in wave 1. These 16 schools represent a “saturated
sample” for which neighborhood identifiers and BMI data are available for most students.

Add Health is an ideal data set in which to study the joint contributions of networks and
environment, since few other data sets contain both excellent social network data and

environment data.

Sample

In this study, primary analyses are conducted in the core sample (N=20,745) among
adolescents for whom we have matching in-school questionnaires (referred to subsequently as
the “full sample™). Initially the entire in-school sample’s social network data (N=90,118) was
used to construct relatively complete social networks for each school or pair of middle schools
and high schools. These networks were used in the network community detection analyses to
identify the social network communities, or social groups, to which individual students belonged.
The in-school survey was very limited in scope and therefore using the in-school sample for the
entire analysis is not possible. However, beginning with the in-school sample enables us to
determine network community membership with improved validity, and the core sample that was
selected from the in-school sample through (predominantly) random processes provides us with a
sufficient representation of the entire school population. Respondents to the in-school
questionnaire who completed in-home interviews were then taken as the full sample. Some
schools were dropped from the sample due to insufficient sample size after the in-school and in-
home matching processes and reductions based on missing the BMI outcome, leaving a sample

of 122 schools and N=14,144 students (68% of the original core sample).
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To test the robustness of our findings, analyses were also conducted in the “saturated
sample” of 16 schools, for which we have nearly complete social network, BMI, and
neighborhood data (N=3,335). The in-home questionnaire network data was used for the
saturated sample. While not a random sample, the saturated sample schools are diverse. The two
large schools were selected purposely by the Add Health researchers—one because it was a
predominantly white rural public high school, and the other because it was racially and ethnically
diverse (predominately Hispanic, black and Asian) and located in a major metropolitan area.

The other 14 schools represent public (n =9), private (n = 4), and Catholic (n = 1) schools in the

West (n = 3), South (n = 4), Northeast (n = 3), and Midwest (n = 4) regions.

Outcome: Body Mass Index

Body mass index (BMI) was constructed using self-reported height and weight.
Goodman, Hinden and Khandelwal (2000) have evaluated the validity of the Add Health self-
report of height and weight by comparing the wave 2 self-report with actual measures of height
and weight taken at wave 2 (similar measures were not taken in wave 1). They report that in
wave 2 the correlation between self-report and measured BMI was very strong (r = 0.92) and
self-report correctly classified 96% of adolescents as obese. Girls were no more likely than boys
to be misclassified as obese. This is consistent with the larger literature, which generally holds

that self-report is a valid measure of height and weight (Spencer et al. 2002, Stewart 1982).

Exposures

Neighborhoods and Schools

Unique IDs for each school and neighborhood of residence (census tract) are available in
the Add Health sample, enabling a clear nesting of individual students within the schools they

attend and neighborhoods they reside in.
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Social Networks

Respondent nominations of friends were used to construct social networks. The
nomination items took the following form: “List your closest [male/female] friends. List your
best [male/female] friend first, then your next best friend, and so on.” Students were provided
with a roster of students attending their school and paired sister-school, enabling them to
nominate friends using ID codes specific to each individual. All friend nominations are assumed
to be reciprocated relationships (i.e., the networks are undirected) because this expands the
variation in the numbers of connections observed (i.e., some individuals may have more than 5
male or 5 female friends but were unable to nominate them all due to the limitations imposed by
the survey). Friends who were nominated but not surveyed, due to refusal or absence from
school when the survey was administered, are included in network structures for network

community detection purposes but are excluded from the full sample for missing BMI.

Covariates

Standard demographic covariates in BMI models, including sex, race/ethnicity,
parent education, and age, are adjusted for in order to distinguish between composition and
context-level variation. Models in the full sample also adjusted for US region (West, Midwest,
South, and Northeast).

Sex and race/ethnicity were self-reported or self-confirmed by respondents. Sex was
available only as a dichotomous variable. Race/ethnicity categories include: (1) Hispanic or
Latino all races, (2) black or African American, (3) Asian, (4) Native American, (5) white, and
(6) other. Age was calculated based on the interview date and the self-reported birthday of the

respondent.
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Parent education was defined as the highest completed level of education attained by
either parent or parent-figure in the respondent’s household. Since parent education information
was requested multiple times in the wave 1 interviews, the order of preference for determination
of education levels was: (1) provided by the parent or parent’s spouse/partner in the parent in-
home questionnaire, (2) provided by the student in the in-home questionnaire, (3) provided by

the student in the in-school questionnaire.

ANALYSIS

Network Community Detection

The goal of network community detection is to identify clusters of individuals in
networks that are relatively densely connected to each other and sparsely connected to others
outside their group. Ideally, network community detection in social networks identifies groups
that socialize regularly and potentially have their own social norms. These groups may bring
together individuals who, while not necessarily nominating each other as friends, are at least
closely woven together in their surrounding social fabric. Individuals within the same network
community therefore may exert influence on each other through social processes and generally
contribute to the shared social environment. This treatment of the networks expands our
conceptualization of the relevant social context beyond the immediate social connections of each
individual to consider the larger social environment, which includes relatively short indirect
connections.

While network communities are conceptually fairly intuitive, identifying communities in
practice requires application of strict definitions for what counts as a sufficiently dense cluster to

warrant labeling a set of individuals as members of the same network community.
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Modularity maximization network community detection algorithms have become widely
used because they partition a variety of network graphs into apparently meaningful network
communities (Porter, Onnela and Mucha 2009). The modularity maximization algorithm used in
this analysis was developed by Blondel et al (2008). There are many different ways a given
network can be partitioned, and modularity refers to the quality of a particular set of network
partitions. Quality of a set of network partitions in this case is evaluated based on the number of
ties that run between nodes (e.g., adolescents) in the same network communities relative to the
number of such ties we would expect if ties were created between nodes at random (while
holding constant the number of ties of each node) (Newman 2006a, Newman 2006b).
Modularity maximization algorithms use a variety of heuristics to optimize the modularity score
and partition networks into network communities.

Since different detection algorithms may yield different network community membership
lists and different total numbers of network communities for the same network, we evaluated the
robustness of our findings to network community specification by applying a second algorithm—
k-clique percolation—which is becoming particularly popular in analyses of social networks
(Fortunato 2010). K-clique percolation is a deterministic algorithm that begins with specifying
the minimum size of a clique (k), or group where all members are friends with every other
member (Palla et al. 2005). For instance, a clique of size k = 3 is a group of three adolescents, all
of whom are friends with each other. Previous research using k-clique percolation in the Add
Health data set found that cliques of size k = 3 were optimal (Gonzalez et al. 2007). In k-clique
percolation, all cliques within a network are identified, and then any cliques that share at least

k—1 members will be defined as members of the same network community.
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Within this definition, individuals are allowed to simultaneously belong to two or more
network communities, whereas in modularity maximization individuals are nested within only
one network community. In this analysis, in order to nest individuals within a single network
community, if an adolescent belongs to multiple network communities he or she will be included
as a member of the community to which they have the most friendship links. In the event of a tie,
they are randomly assigned to one of the network communities to which they have the most
friendship links. Additionally, some socially marginalized individuals who are not members of
cliques are unable to be associated with particular network communities, and therefore are

excluded in this analysis from models addressing networks.

Cross-Classified Data

In the full sample, students from the same neighborhood may attend different schools,
and students in the same school reside in different neighborhoods. Furthermore, because friend
nominations can link individuals across paired schools, there is no clear hierarchical nesting of
social network communities within schools. Students within a single network community can
also reside in multiple neighborhoods, and students from the same neighborhood can participate
in different network communities. In the full sample, therefore, the three contexts—schools,
neighborhoods, and social network communities—are cross-classified, with no clear hierarchy

(Figure 3.1A).
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In the saturated sample, none of the schools are paired and therefore there is a clear
hierarchy—network communities are nested within schools and neighborhoods are nested within
schools. However, because students from the same neighborhood can still participate in different
network communities, and network communities are composed of students from multiple
neighborhoods, the network community and neighborhood levels are still cross-classified (Figure

3.1B).

Models

A series of eight models are fit in both the full sample and saturated sample in order to
iterate through all combinations of contexts. In the full sample, Model 1 is a single-level linear
model of BMI where adolescents are not nested within any context. Models 2, 3 and 4 are two-
level hierarchical models—Model 2 nests adolescents in neighborhoods, Model 3 nests
adolescents in schools, and Model 4 nests adolescents in their social network communities.
Models 5, 6, and 7 iterate through paired combinations of contexts using cross-classified
multilevel models (CCMM). Model 5 nests adolescents (level 1) simultaneously in both network
communities (level 2) and neighborhoods (level 2), Model 6 nests adolescents (level 1) in
neighborhoods (level 2) and schools (level 2), and Model 7 nests adolescents (level 1) in network
communities (level 2) and schools (level 2). The final model, Model 8, is a CCMM that nests
adolescents (level 1) in schools (level 2), neighborhoods (level 2), and network communities
(level 2). Because of the partially hierarchical structure in the saturated sample, a combination
of CCMM and three-level hierarchical models are used as appropriate.

In the full sample, each model was fit four times: as a null model, a model adjusted for

US region, a model adjusted for demographic covariates, and as a model adjusted for both
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demographic covariates and US region. In the saturated sample, school dummy variables were

included when appropriate (in models not also treating school as a level).

RESULTS

Network community detection was performed in Python 2.7 (Anaconda by Continuum
Analytics 2015). A variety of Python libraries were utilized, including Python Pandas
(McKinney 2011), NumPy (NumPy Developers 2005) , NetworkX (Hagberg, Schult and Swart
2008), Python-IGraph (Csardi and Nepusz 2006), and matplotlib (Hunter 2007). The k-clique
percolation algorithm k_clique_communities from the NetworkX library and modularity
maximization algorithm community_multilevel from the IGraph library were used in network
community detection. All multilevel analyses were conducted in MLwiN version 2.32 (Rasbash
et al. 2015) using Bayesian Markov Chain Monte Carlo (MCMC) estimation procedures
(Browne 2009). The regression models were first fit using Iterative Generalized Least Squares
(IGLS) estimation to provide the Bayesian MCMC procedure with initialization values; Non-
informative priors and burn-in of 500 iterations were used in all analyses. MCMC estimation
was run in all models for a minimum of 150,000 iterations, though most models achieved
convergence significantly before that point.

Descriptive statistics for the sample are provided in Table 3.1. The full sample
(N=14,144) was predominantly white, black and Hispanic, with a mean age of 15.6 and mean
BMI of 22.5 kg/m*. Further information about the multilevel structure of the data is provided in
Table 3.2. In the full sample, adolescents are distributed across 1931 neighborhoods, 122
schools, 930 modularity maximization network communities, and 2733 k-clique network
communities (where clique size was k = 3). More detailed descriptions of the 16 school

saturated sample are available in the online Supplemental Table 3.1.

125



Table 3.1. Sample Demographics

TOTAL
Sex
Female
Male
Race / Ethnicity
Hispanic
White
Black
Asian
Native American
Other
Missing
Parent Education
Less than High School
Completed High School
Some College
Completed College or More
Missing

Full Sample
Age in Wave 1 (years)
BMI in Wave 1 (kg/m?)
Saturated Sample
Age in Wave 1 (years)
BMI in Wave 1 (kg/m?)

Full Sample Saturated Sample
N (%) N (%)
14144  (100.00 %) 3335 (100.00 %)
7262 (51.34 %) 1630 (48.88%)
6882 (48.66 %) 1705 (51.12%)
2233 (15.79 %) 668 (20.03 %)
7244 (51.22 %) 1596 (47.86 %)
3191 (22.56 %) 477 (14.30 %)
1071 ( 7.57 %) 520 (15.59 %)
248 ( 1.75 %) 49 ( 1.47 %)
153 ( 1.08 %) 23 ( 0.69 %)

4 ( 0.03 %) 2 ( 0.06 %)

1506 (10.65 %) 413 (12.38 %)
3592 (25.40 %) 883 (26.48 %)
4034 (28.52 %) 955  (28.64 %)
4924 (34.81 %) 1056 (31.66 %)

88 ( 0.62 %) 28 ( 0.84 %)

N N missing Mean (SD) Min Max
14141 3 15.61 (1.70) 11 21
14144 0 22.54 43) 1122 63.56

3335 0 16.09 (1.58) 12 20
3335 0 22.93 (4.51) 11.76 46.24

Table 3.2. Multilevel Data Structure of Full and Saturated Samples

Full Sample Saturated Sample
Mean Number Mean Number
N of Students N of Students

Students 14144 — 3335 —

Neighborhoods 1931 7.32 335 9.96

Schools 122 115.93 16 208.44
Network Communities

Modularity Maximization 930 15.21 194 17.19

K-Clique Percolation 2733 5.18 394 8.46
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Figure 3.2. Visualizations of detected communities in social networks using two algorithms — Modularity Maximization and K-clique Percolation

ion

imizat

(A) Modularity Max

Network 2

Network 1

(B) K-Clique Percolation
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Network 2

Network 1

Note: Nodes of the same color within a single visualization of a network indicates membership in the same network community. In panel B, the k-

clique percolation visuals, white nodes are not members of any network community (i.e., they are marginalized).
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Figure 3.2 illustrates an example from the data of how one social network is partitioned
subtly differently depending on the algorithm used. In general, the Blondel et al. (2008)
modularity maximization algorithm partitioned the network graphs into network communities of
more equal size, while k-clique percolation tended to split networks into a small number of large
network communities and a large number of small communities.

Tables 3.3 and 3.4 provide results for all models fit in the full sample using modularity
maximization network community detection. Results for models fit using k-clique detection are
available in Supplemental Tables 3.2 and 3.3, while results for models fit in the saturated sample
(using modularity maximization) are available in Supplemental Tables 3.4 and 3.5.

In the full sample and using modularity maximization, results from the two-level models
(Models 2-4) find that all three contexts, when considered individually, contribute substantially
to the total variance in BMI (Intraclass Correlation Coefficients (ICC) in fully adjusted models:
neighborhoods = 1.52%, schools = 1.09%, network communities = 2.96%). In Models 6, which
cross-classifies neighborhoods and schools, both environmental contexts are attenuated slightly
(ICCs: neighborhoods = 0.84%, schools = 0.71%), a result which is consistent with the literature
and supports the claim that variance associated with omitted contexts will be attributed to
contexts that are considered.

In the presence of cross-classification by network communities, both neighborhoods
(Model 5: ICC = 1%) and schools (Model 7: ICC =0.73%) are similarly attenuated.
Surprisingly, the large network effect detected in the two-level model largely remains after cross-
classification by the other contexts (ICC for network communities: Model 5 = 2.64%, Model 7 =

2.48%). These results indicate both that network communities contribute substantially to the
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variance—more so than either neighborhoods or schools—and that their inclusion in models
attenuates the variance attributable to neighborhoods and schools.

Surprisingly, in the final model (Model 8) where adolescents are nested in all three
contexts simultaneously, the school-level contribution to the variance is significantly reduced
(ICC =0.37%). The neighborhood-level continues to make a larger, though still modest
contribution to the variance (ICC = 0.77%). The network community-level contributes to the
variance (ICC = 2.49%) more than twice what neighborhoods and schools contribute combined.
According to the Deviance Information Criterion (DIC), smaller values of which indicate better
model fit, Model 8 (DIC = 79818.38) is modestly outperformed by Model 5 (DIC = 79808.04),
indicating that the school-level does not substantially improve the model fit above and beyond
what is achieved by cross-classifying neighborhoods and network communities.

These results are robust both to the specification of network communities using an
alternative algorithm—k-clique percolation—and when the models are fit in the saturated sample.
Interestingly, the magnitude of the network community-level contribution to the variance does
depend on the detection method employed, however it is found to be substantial in both cases. In
the fully adjusted Model 8, using k-clique network communities, the school-level and
neighborhood-level contributions to the variance remain comparable to each other and modest
relative to the network-level (ICCs: schools=0.58%, neighborhoods=0.53%, network=11.19%).
In the saturated sample, the model is optimized when all three contexts are accounted for, though

network communities clearly emerge as contributing more to the total variance.

DISCUSSION

In this study we present a novel analytic approach for determining the relative

contributions to the variance of BMI among adolescents made by three contexts—schools,
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neighborhoods, and social network communities. Through a combination of network community
detection and cross-classified multilevel modeling, we find that the network community-level
contributes far more to the total variance than either neighborhoods and schools, and that there is
some evidence (using modularity maximization) that the salience of schools recedes in the
presence of network communities and neighborhoods. These surprising findings support the
claim that omitting potentially salient contexts from analysis may result in the misattribution of
variance to the contexts that are considered.

There are several critical points to make regarding how these results should be considered.
First and foremost, as stated previously, there is no way to disentangle in these models the roles
of selection and influence. While this is true for both the school and neighborhood-levels, this is
a particular concern for the social network-level. There is a large literature indicating that
individuals select friends who share similarities to them across a range of traits (McPherson,
Smith-Lovin and Cook 2001, Shalizi and Thomas 2011), and these might include either weight
status or characteristics and behaviors associated with weight status (de la Haye et al. 2011,
Fletcher, Bonell and Sorhaindo 2011). There is a very real possibility, therefore, that a
significant portion of the clustering effect at the network community-level is the result of
selection, not social influence of behaviors that affect weight status.

However, we argue that regardless of the causal pathways that lead to the state of
clustering, these findings are significant because they indicate the salience of the social
environment. Whether adolescents are aware of their weight status and choose friends
accordingly, or whether their friends influence their behaviors, the social environment will tend
to present them with others who share their weight status and/or behaviors. This clustering will

naturally result in the formation of local social norms, particular to social groups, that normalize
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or reinforce behaviors and attitudes about healthy diet, exercise, and weight. While this may
serve a protective role in some cases, particularly given high levels of stigmatization of
overweight individuals, these results also indicate that social networks may be ideal to recruit in
health promotion activities. Interventions that frame weight-related behaviors as something that
individuals can and should choose to address may run the risk of increasing individual-level
anxiety and perceived stigma. On the other hand, interventions that approach the issue of health
promotion as a group activity—something that can be recast as a mutually supportive and
positive social experience—may improve the likelihood that participants will engage.
Furthermore, if health promotion programs that recruit social groups succeed in shifting group-
level norms then the groups themselves may succeed in perpetuating the new behavioral norms
among their members, even after the conclusion of participation in the program.

The second critical point to be made is with respect to what is actually being captured in
the “school-level” and “neighborhood-level” of these models. Speaking broadly of
neighborhood-level and school-level clustering of body mass index is insufficient to characterize
the multiple domains of influence within these environments. Three common domains addressed
in the literature (Carroll-Scott et al. 2013, Sampson 2003) are the built environment (those
physical structures and design elements that characterize the physical space of the neighborhood
or school), the socioeconomic environment (which encompasses the socioeconomic composition
of neighborhoods and schools), and the social environment (which is often broadly defined as
referring to the social networks, social capital, social support, social norms, and/or social control
that may operate within the physical purview of the neighborhood or school environment). Each
of these domains may influence health and behaviors of individuals and populations through a

range of mechanisms (Berkman and Kawachi 2000, Kawachi and Berkman 2003, Kawachi,
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Subramanian and Kim 2008, Link and Phelan 1995, Smith and Christakis 2008). It was not the
purpose of this paper to address all of these domains, nor to determine the relative importance of
each domain within each environment. It is essential, however, to recognize that in this study the
social networks domain of the school environment was treated separately from the built and
socioeconomic environment of the school. The social networks were, by and large, situated
within school environments, and therefore the “social network-level” measured here is actually
characterizing the social environment endogenous to the school. The neighborhood-level, on the
other hand, may reflect any and all of these domains of influence, as no neighborhood social
environment equivalent was included. Neighborhood-level social networks, if included, may
well have attenuated the neighborhood-level effect, as neighborhood social environments have
been found to influence adolescent BMI (Veitch et al. 2012).

Theoretically, a portion of the school and neighborhood-level socioeconomic
environments is adjusted for using covariates, though it is possible that some of that domain
remains unaccounted for. Largely, however, we may assume that after adjusting for
demographics and region, the residual school-level variance is attributable to the built
environment. Interestingly, in the null (unadjusted) version of Model 8, schools and network
communities contribute approximately the same to the total variance (ICC: school = 3.41%,
network community = 3.64%). Taken together, these findings indicate that the majority of the
school-level variance is attributable to elements in school socioeconomic and social domains. In
other words, socioeconomic and social domains within schools are the big players in terms of
shaping distributions of BMI. To the extent that the school built environment and
socioeconomic environment shapes the social networks within school walls—perhaps

differentially for members of different social groups—schools may exert influences on BMI that
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is picked up by the social-level, rather than school-level in these models. In other words, it is
possible that schools exert an influence on individual outcomes by operating through social
network-level mediating pathways. We therefore strongly caution against interpreting these
results as being unsupportive of the importance of schools. These results merely challenge us to
consider more deeply which domains of a school environment are particularly salient in shaping
adolescent BMI, and perhaps what elements of the school shape school-located social networks.

Finally, as mentioned with respect to the network-level, the lack of a causal relationship
between a context and clustering of an outcome does not invalidate the potential salience of that
context as a location for effective health promotion activities. Schools, for instance, can provide
nutrition programs (Veugelers and Fitzgerald 2005) and physical education opportunities
(Gomes et al. 2014) to improve student health, while curtailing programs that reinforce
unhealthy behaviors (Kubik, Lytle and Story 2005).

One important limitation of this study is that the wave 1 data from Add Health, collected
in the mid-1990s, is now somewhat out of date. Unfortunately, no new data source has arisen to
allow for more contemporaneous analyses. Add Health remains one of the few studies to
evaluate both the environments and social networks of a large and representative sample of the
U.S. adolescent population. The fact remains however that in the 20 years since, the structuring
and function of adolescent social networks may have changed. The relative influence of school-
based social network communities, schools and neighborhoods may have shifted. An updated
version of this data is required in order to evaluate the social contexts shaping the lives of
adolescents in the present.

Despite limitations of the data, we have presented a novel approach to evaluating the

simultaneous contributions of social and physical contexts to the variation of an outcome. This
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method holds promise for understanding the roles of multiple contexts in shaping a range of
outcomes—including health outcomes, criminal behavior, and academic or work performance. It
furthermore highlights the importance of evaluating multiple contexts in order to avoid

misunderstanding the salience of certain contexts relative to others.
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APPENDIX B: CHAPTER 3 SUPPLEMENTAL TABLES

Supplemental Table 3.1. Data Structure of Saturated Sample —
Neighborhoods and Modularity Maximization Network Communities by School

School ID N Students N Neighborhoods N Network Communities
TOTAL 3335 335 194
A 22 14 8
B 53 11 5
C 101 17 18
D 148 6 10
E 100 8 9
F 136 60 8
G 812 24 19
H 1521 96 48
I 86 37 13
J 82 8 6
K 71 17 10
L 19 3 4
M 48 15 8
N 49 12 7
O 40 3 10
P 47 4 11
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