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Abstract

Health behaviors have a significant effect on health and mortality, and one’s social
network is strongly associated with behaviors, for better (positive encouragement to eat healthier)
or worse (peer pressure to drink excessively). This dissertation aims to understand how the
mechanisms of peer influence and network social context affect health behaviors across the life
course. | examine the effects of networks across a wide demographic and substantive range —
from college students’ sleep behaviors in Chapters Two and Three to older adults’ preventive
health behaviors in Chapter Four. This breadth allows me to examine multiple social mechanisms
(peer influence, social support and network position/contexts) that speak simultaneously to many
open questions in the social embeddedness of health. My results confirm that health behavior is
socially conditioned and that our understanding of people’s own health behaviors requires
understanding their network activity.

Chapter Two examines the effect of peer influence on sleep duration, bedtime, waketime,
and the daily variance of each measure among college students. Sleep duration, timing, and
variability have significant health impacts; irregular and reduced sleep are associated with
cardiovascular risk, obesity, mental health outcomes, and overall mortality (Luyster et al. 2012,
Bei et al. 2016). Despite documented effects of peers on sleep in specific populations such as
middle-schoolers, the effects of peers on sleep timing and duration amongst college students is
poorly understood. Linear mixed-effect models show a strong positive peer effect across all
metrics, even accounting for school/work schedule constraints and overall peers’ sleep behaviors.
For example, for every standard deviation increase in sleep duration among one’s peers for that
night, the participant sleeps an additional 10 minutes. This effect is similar but varies in size
across the metrics, suggesting that sleep timing and duration is socially conditioned by peers. The
study implies that interventions need to recognize the consistent effect that peer influence holds,

net of schedule and homophily effects.
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Chapter Three examines how network structure affects sleep behavior through the
competing demands framework, social support, and stress. Both sleep insufficiency and irregular
timing correlate with poor health. College students consistently sleep less and with more irregular
timing than recommended; however, a majority of sleep research is focused on adolescents due to
the importance of early forming of sleep habits. Educational interventions among this population
have largely been unsuccessful; however, if peer-led interventions are to be attempted, the
method for choosing a ‘change agent’ must be examined in the context of sleep behavior. Degree
(reflecting high social obligations), eigenvector (reflecting embeddedness in a core influential
group), and betweenness centrality (reflecting bridging between two groups) are often chosen due
to their large reach within a network, but the high demands, expectations, and stress as a result of
their positions may lead to worse sleep behaviors, making them an ineffective change agent.
Longitudinal data from 246 college students and their peers are used to identify the effect of
network structure on sleep duration, bedtime, waketime, and sleep regularity. I find that students
with higher betweenness centrality have lower sleep duration and lower values on the Sleep
Regularity Index (SRI), and that those with larger networks go to bed earlier and wake up later
than those with smaller networks, indicating healthier sleep behavior. The effects of eigenvector
centrality on sleep regularity differ based on sex: for men it leads to lower regularity and later
bedtimes, while for women it leads to higher regularity and earlier bedtimes. While we have little
data on the exact mechanisms driving these differences, I speculate that group identity or
differing strategies in managing social obligations play a role in driving this relationship. These
results suggest that an individual’s position in their network influences their sleep behaviors and
that future research on sleep habits needs to account for network embeddedness to better
disentangle peer processes associated with heightened youth social involvement from individual

health practices.



Chapter Four examines how social capital influences health behaviors in older adults,
while accounting for potential reverse causality. Health behaviors are crucial for older adult’s
health and reduction of secondary disabilities, but are understudied. Some aspects of networks
such as social capital have been shown to influence health behaviors in older adults, but most
studies are cross-sectional and do not take into account causal direction. Using exploratory factor
analysis and auto-regressive cross-lagged panel models, I test the causal direction of social capital
and health behaviors. I find that earlier measures of network social capital lead to increased
physical activity and vitamin usage in later waves, as well as a reduction in smoking. These
relationships largely hold when put in the reverse causal direction, although the effect for
vitamins disappears and an additional effect for binge drinking (leading to decreased social
engagement) emerges. These results suggest that older adults with high social capital networks
have better preventive health behaviors and are less likely to smoke, and that health behaviors

hold relatively similar reverse causal effects on networks.
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1. Introduction

Preventive health behaviors are crucial for predicting life expectancy and are associated
with positive health in the remaining years of life. Preventive health behaviors such as physical
activity or sleeping more than 8 hours a night are associated with higher life expectancy and
decrease in rates of cardiovascular disease, cancer, traffic accidents, and obesity (Lee et. al 2012;
Li et. al 2020; Luyster et. al 2012; Carskadon 2004; Alvarez & Ayas 2007). Risky health
behaviors, such as smoking or excess alcohol consumption, are associated with reduced life
expectancy and disability-free life years, as well as increased rates of cognitive disorders like
dementia (Zaninotto et. al 2020; Lafortune et. al 2016; Svedberg et. al 2019; Ropponen &
Svedberg 2014).

Scholars have studied the effect of one’s peers, or their social network, on health
behaviors and found significant effects on both risky and preventive health behaviors (Christakis
& Fowler 2007; Eisenberg et. al 2005; Murabito et. al 2001; Smith & Christakis 2008). This work
has extended into designing peer-led health interventions, in which a ‘change agent’ (selected
largely based on their ability to effectively disseminate the information to the largest number of
people in the network) is trained to promote particular behaviors and provide education on them
within their network (Valente 2012; Zhang et. al 2022; Woudenberg et. al 2019). In order to enact
a successful peer-led health intervention, it is crucial to understand the specific mechanisms
through which peers influence one another’s health behaviors.

Umberson et. al (2010) created a model to explain the relationship between social ties
and health behavior focusing on three major mechanisms/pathways for peer influence to affect
health behaviors: symbolic meaning (and norms that derive from them), social/personal control,
and the content of social ties- particularly stress and social support (Umberson et. al 2010).
Umberson et. al (2010) also expands on this model through life course theory. They suggest that
different mechanisms play a heavier role at different ages; Umberson notes that adolescents and
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younger adults are more affected by norms and their social ties overall, as they are switching
from health behaviors being largely determined by parents to self-directed behaviors that can be
influenced by peers. Peers have the strongest influence on risky health behaviors (smoking,
drinking, drugs, etc.) at this age. Meanwhile, adults are much more influenced by their romantic
or marital partner, who tend to use social control (whether directly or indirectly) to affect health
behaviors. Older adults are more affected by formal and community ties (ties from religious
groups, volunteer work/community service organizations) and the social support that is provided
from them. This dissertation examines these mechanisms on both preventive and risky health

behaviors at two time points across the life course- young adulthood and old age.

1.1 Symbolic Meaning and Norms

The idea that behaviors hold symbolic meaning was an early concept in the field of
sociology. Mead (1934) established the principles for ‘symbolic interactionism’, which was later
popularized through the work of Blumer (1969). Symbolic interactionism posits that the ‘self’ is a
result of social experience and interaction, and that through our interactions, we develop symbols
(e.g. language or gestures) that hold inherent meaning to one another (Mead 1934; Blumer 1969).
We create meaning for actions and behaviors through our interactions with one another, and
norms emerge in a social group when members collectively interpret a behavior the same way.
This collective process has many potential pathways, and sociologists have proposed a number of
different mechanisms. Some include social comparison (comparing our behaviors to our peers’),
direct communication about behaviors, and reinforcement (positive or negative) of the behavior’s
meaning (Cialdini & Trost 1998; Festinger 1954; Friedkin 2001; Opp 1982; Sherif 1936).

Umberson et. al (2010) argue that social ties and health behaviors can have symbolic
meanings that connect them- for example, a ‘cool’ and high-status peer group may view smoking
or drinking as cool, and in an effort to be viewed as cool, others may perform that health behavior

and attach a similar meaning to it. This symbolic meaning, largely because of the status-conscious
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attributions others make to peers, results in social norms regarding these health behaviors. The
effect of status on the desirability of sharing those similar health behaviors to high status peers is
the strongest in adolescence, but it is still present in adulthood; Umberson et. al (2010) give the
example of beauty standard and body norms, as well as the importance of alcohol during social
events in American culture, to portray how symbolic meaning still influences norms related to
health behaviors in adulthood. The symbolic meaning of a behavior can also result from rituals,
such as shared family meals (that tend to be healthy), or a religious doctrine that views one’s
body and health as a part of your dedication to the divine (such as viewing alcohol as sinful,

which creates restrictions on drinking habits).

1.2 Social and Personal Control

Social control is a process by which a person or group regulates someone else's behaviors
to manage intergroup tension, deviant behavior, and maintain equilibrium/harmony in a society
(Ross 1901; Parsons 1951; Meier 1982; Janowitz 1975). In sociology, this process has largely
been used to explain social order (Ross 1901) and theories of deviance (Parsons 1951), and has
included more formal institutions’ efforts to maintain order through restricting deviance (e.g.
criminal laws). When applying it to social psychology or health research, it is often viewed
through the lens of individuals discouraging deviant behavior (e.g. smoking), as well as
encouraging positive behaviors (e.g. physical activity).

Social control includes two types: direct control through “regulating and facilitating
healthier behaviors” or indirect control through “instilling norms...conducive to healthier
behaviors” (Umberson et. al 2010, page 146). The indirect control can also be achieved through
personal control (how much an individual believes that they themselves can ‘control’ their health
through actions, such as preventive health behaviors); by instilling beliefs and attitudes that
increase levels of personal control, the person can indirectly increase positive health behaviors.

The effectiveness of social control is dependent on both the strength of the tie and the type of
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control used; the stronger the relationship, and the more ‘positive’ the type of control (rewarding
versus punishing), the more effective social control tends to be (Lewis & Butterfield 2005; Fekete
et. al 2008). Social control is the most common mechanism for social relationships to influence
health behaviors in adulthood, often through marital relationships. Social control is also present in
other life stages but is either less effective or less common. Adolescents experience social control
through their parents, but because the control type is often negative (discouraging drinking or
smoking through limiting activities, peer groups, etc.) it is less successful; on the other hand,
older adults overall have less peers who use social control in their networks, likely a result of the
death of their spouse (who is usually the main tie using social control) or their adult children

moving away (Tucker et. al 2004).

1.3 Tie Content (Stress, Social Support)

Tie content describes what ‘flows’ through a network- this can include information,
resources, and social capital among others. Different types of ties can deliver different types of
resources, and come with different strengths. For example, Granovetter (1973) notes the
“strength of weak ties”- weak ties (as opposed to strong ties) involve relationships that are not as
close and less central to your network. He notes that weak ties provided more diverse information
and opportunities, as it is coming from someone outside of the core of your network. Information
and opportunities are not the only types of resources that are included in the concept of tie
content. When applying tie content to health research, the two most commonly used aspects are
stress and social support.

Social support broadly includes instrumental (tangible aid e.g. transportation or financial
assistance), informational (e.g. advice or guidance), and emotional support (e.g. reassurance, “a
shoulder to cry on”). The stress-buffering model posits that social support buffers against the
effects of stress on the body; it argues that people with high social support experience less

negative physiological and psychological effects from stress (Cohen & Wills 1985). Social
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support triggers positive physiological effects such as the activation of the parasympathetic
nervous system (Umberson et. al 2010). Social support can affect both positive and negative
health behaviors, but much of the research is on how social support decreases risky behaviors as
it is substituting social support for those other coping mechanisms (overeating, drinking,
smoking, etc.) (Umberson et. al 2010; Wills & Ainette 2012).

Stress is the second major mechanism of tie content on health behavior, but it is also
related to social support (as ties with more social support provide a buffer against the effects of
ties who create stress, and vice versa). Stress includes “life disruptions...and chronic strains...that
challenge individuals’ coping capacities” (Umberson et. al 2010, page 144). Stress uses an
opposite mechanism compared to social support- instead of lowering psychological distress and
physiological arousal, it increases them and leads to use of risky or harmful behaviors to cope.
They also argue that stress directly impacts health itself through allostatic load and the weathering
hypothesis; chronic stress leads to physiological “wear and tear”, and increased exposure to stress
over time accelerates biological aging (Geronimus 1992).

Tie content influences people of all ages as a mechanism for health behaviors, but the
people who affect you the most differs over your lifespan- similarly to social control, Umberson
et. al (2010) argues that adolescents are most affected by their parents, adults are most affected by
their spouse and their children, and older adults are affected most by their spouse (usually, the

death of their spouse serving as a major stressor) or their adult children.

1.4 Life Course Theory

A critical part of Umberson et. al (2010)’s model is the difference in how effective these
mechanisms are across the life course. Life course theory is a framework that emphasizes
historical context, timing of life events, linked or interdependent lives, and human agency shape
outcomes for individuals over time (Elder 1998). It posits that individual trajectories are shaped

by historical context, often applied through ‘age cohorts’ where people are sorted by age and
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major historical events that occurred at roughly the same point in their lives (e.g. Vietnam war
cohort of men who were an age eligible to be drafted at the time). Crucially, the timing of major
life events as well as the historical context interact here. Linked or interdependent lives describes
how social relationships influence individual outcomes, and human agency notes that individuals
exercise agency within the structural constraints and context. This theory also emphasizes
cumulative advantage and disadvantage; an event, circumstance, or behavior established early in
life continues to affect you as you age, resulting in accumulating more and more benefits or costs
as a result of that original event. This framework is often used in networks and health research, as
the social and historical contexts that shape health behaviors change (and accumulate) over the
life course.

Life course theory is often applied in the health field through the understanding of
cumulative advantage and disadvantage. While this is often used to describe a multitude of early-
life experiences (e.g. exposure to environmental hazards at a young age, growing up with wealthy
parents that have access to good healthcare), here we will view it through the lens of health
behaviors. Health behaviors (preventive or risky) established in childhood or adolescence tend to
continue through adulthood; depending on if the behavior had positive or negative health
outcomes, this could result in cumulative advantages or disadvantages for health outcomes. This
also relates to the concept of the ‘long arm of childhood’; early-life events, exposures, and
behaviors have a strong impact on health outcomes later in life, and as a result, many health
researchers concentrate their effort on interventions for children and adolescents (Hayward &
Gorman 2004). While childhood effects are substantial, life course theory also notes that there are
periods of transition (significant life events e.g. starting college, marriage, death of a spouse or
parent, retirement) that heavily influence health outcomes and can create windows of opportunity

to change the trajectory of one’s health (Elder 1998; Umberson et. al 2010).



These periods of transition also relate to how one’s social network may change over time;
starting college greatly expands one’s social network, while the death of a spouse or other loved
one shrinks it. Life course theory notes that social relationships change over the life course. In
adolescence and young adulthood, networks grow in size and diversity of relationships as they
shift from different educational systems and, in the case of college students, have large network
turnover when moving to start college (Wzrus et. al 2013). Young adults are oriented towards
exploration and identity formation; this often results in social norms having a significant effect on
their behaviors as they explore new social groups (Wzrus et. al 2013). After young adulthood,
network size begins to shrink as people focus on core relationships and family formation. Older
adults’ networks continue to shrink as a result of life events and transitions such as retirement,
death of a spouse or other network members, and decreasing mobility and overall health (Wrzus
et. al 2013; Carstensen 2021).

Umberson et. al (2010) propose that some mechanisms are more effective at different
ages than others, or that the person who is likely to be the most effective at delivering change
adjusts over time (e.g. parents, peers, spouse, children). For example, norms are noted as most
effective for adolescents, while in older adulthood, norms do not hold as strong of an effect. One
potential cause of this is the change of the function of networks over time. Socioemotional
selectivity theory posits that, as you age, your network shrinks and focuses on those you are
closest with to prioritize them over ‘exploration’ as younger adults do (Carstensen 2021). Your
‘goal’ shits from exploration (e.g. creating new ties, seeking new information) to emotion-
oriented goals (prioritize existing relationships and emotional meaning). This change in goals
leads to a shift in the makeup of one’s network- older adult’s networks are smaller, denser, and
largely made up of closer relationships when compared to young adult’s networks. Having a
smaller network as an older adult may result in norms either being less effective, or that norms

are just already set in the pre-existing network since it is made out of dense, close-knit ties.



Similarly, as younger adults are more oriented towards exploration, they are exposed to more
diverse norms and expectations, which may make them more susceptible to their influence. To
fully understand why these mechanisms shift, we should also examine both daily social life and

the institutional context at these timepoints in the life course.

1.4.1 Young Adulthood (College Students)

For college students, daily life is structured around course schedules (and the academic
demands that go with them e.g. completing homework) and socializing with peers. The primary
competing demands on time are classes (including outside of the scheduled course time),
extracurricular activities, social events, and part-time work. Various institutions structure college
life; these can include residence halls, Greek organizations, athletic teams, and more. While these
create the social contexts within which peer norms are created, they do relatively little to directly
regulate health behaviors like sleep (e.g. military academies have a set curfew, while most
colleges residences halls have little to no control on the time students go to bed). The lack of
institutional control combined with the expansion of peer networks and increased autonomy (no
longer having a parent directly control health behaviors) creates the conditions for strong
normative influence.

College is also a valuable timepoint to study how peers impact sleep behaviors
specifically. Compared to other life stages, sleep is much more observable and embedded in the
social environment. College students (particularly in their first year, when they are the most
socially susceptible) often share living/sleeping spaces with roommates, live in residence halls
where they are in close physical proximity to peers, and are known for having social lives that
take place late at night- directly competing with sleep demands. If one’s roommate turns off the
light, it signals bedtime; alternatively, when peers in the residence hall are still socializing late at

night, staying up feels more natural. The direct social cues, and the norms that form from them,



are less prevalent in other living situations (e.g. young adults living alone or with a romantic
partner).

There is also a fundamental ‘paradox’ to college students’ social lives; there are directly
competing demands between social connection and sleep, even though both are crucial for overall
health and wellbeing. Socializing (e.g. staying up late talking with friends, going to parties) leads
to strong social connections, which provide social support and a sense of belonging. However,
given that much of the day-time schedule of college students is taken up by academic demands,
the social demands tend to take place in the evenings. Socializing later at night, while valuable for
building strong social connections, displaces sleep and results in either shorter sleep duration or a
later waketime. The ‘paradox’ here is that the very behaviors that build social connections, which
are crucial for health, can result in negative effects for sleep behavior (a crucial health behavior).

The health behaviors established during college may set patterns that persist across the
life course. The concept of cumulative advantage and disadvantage suggests that sleep patterns
established in young adulthood may carry forward into later life; if someone internalizes a norm
that six hours of sleep per night is sufficient in college, they may carry those norms into
adulthood even after the social context has changed. This shows that college is not just an
interesting setting for studying sleep, but potentially a critical intervention point for sleep

behaviors across the life course.

1.4.2 Older Adulthood

For older adults, daily life is structured around very different institutions and social
engagements when compared to college students. Retirement removes the workplace as a
daily/routine space for social interaction; adult children may have moved away and spouses may
have passed, reducing the frequency of family-based social engagement. Additionally, age-related
health conditions (and mobility from these) hold a strong influence on the types of activities one

can participate in. Here, the primary competing demands for time shift to caregiving

9



responsibilities (e.g. for grandchildren or a sick spouse), medical appointments, and managing
activities of daily living as they increase in difficulty as mobility is reduced.

Compared to college students, the institutions that structure older adults’ lives (e.g.
healthcare systems, senior living communities, religious organizations, community centers) are
much more directly focused on health and well-being. This suggests that social engagement in
these institutions may result in being exposed to more health-promoting behaviors, and often
being encouraged to partake in them (e.g. through one’s doctor, pastor, or head of a volunteer
organization). The social activities provided through these institutions (e.g. volunteering,
religious services, community meetings) are often scheduled during the day time; this diminishes
(often entirely) the trade-off between social engagement and health that is seen among college

students.

1.4.3 The Contrast

The comparison between college students and older adults’ social contexts and
institutions suggests that the relationship between social networks and health behaviors is not
based solely on the social networks themselves, but is also highly dependent on these social and
institutional contexts. In college, high social engagement often means staying up late, going to
parties, and participating in activities that directly compete with sleep. In older adulthood, high
social engagement often means attending community meetings, volunteering, and overall
engaging in activities that promote preventive health behaviors. The same aspect of social
networks (social engagement) can produce opposite effects as a result of the content and context
of the social engagement, which changes over the life course. This contrast is central to the
theoretical framework that motivates this dissertation.

This dissertation examines how networks affect health behaviors at two key transition
points in the life course- young adulthood (specifically college students) and older adulthood.

Chapters Two and Three in this dissertation focus on college students; this demographic group
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experiences significant network turnover and expansion, and they are highly susceptible to peer
influence. Chapter Two tests how the mechanism of norms is observed through peer influence; it
examines if peer’s sleep behaviors maintain daily similarity even when accounting for competing
hypotheses such as shared schedules or selection homophily. Chapter Three tests the mechanism
of tie content; it examines if one’s sleep behaviors are affected by the high social demands and
resulting stress that come with occupying influential network positions. Chapter Four focuses on
older adults, whose networks have shrunk and now function to provide emotional meaning over
exploration. Chapter Four tests how tie content (social capital) and social control affect health

behaviors over time, and whether this relationship is bidirectional.

1.5 Data

Chapters Two and Three in this dissertation use the SNAPSHOT dataset; this
Harvard/MIT study tracked a new cohort of roughly 35 students over seven semesters from Fall
2013 through Spring 2017 at a Massachusetts (USA) college. The students wore a wearable
sensor (actigraphy) that recorded their sleep and physiology information, and they also filled out
surveys every morning about their sleep, activities, emotions, and alcohol/drug use. They also
consented to have their call and text logs recorded, and these logs were used to construct
participants social networks. Students were asked to name at least five other students whom they
call or text at least once a week during recruitment; this way, each cohort would have socially
connected students, making the network data meaningful (Sano et. al 2018). Cohorts 1-6 were
recorded for 30 days, while the final cohort lasted for 110 days. First-semester freshmen and
those who had traveled more than one time zone away in the last week (or had plans to during the
study, outside of cohort 7) were excluded from the study.

The fourth chapter in this dissertation uses data from the National Social Life, Health and
Aging Project (NSHAP). This is a National Institute on Aging (NIA) funded longitudinal study

with three waves of data collected- 2005 (wave 1), 2010 (wave 2), and 2015 (wave 3). Using a
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shared sampling design with the Health and Retirement Study, they used a national area
probability sample of households, and oversampled segments with a larger African American or
Latino population (O’Muircheartaigh et. al 2009). For waves 2 and 3, both respondents and non-
respondents for wave 1 were re-contacted. Older adults (57 years or older at wave 1) were
interviewed at each wave about their health and social life (networks); interviewers also collected
biological samples such as saliva or blood to objectively measure health status and overall

functioning.

1.6 Summary

In Chapter Two, I examine the effects of peer influence on college students’ sleep
behaviors- sleep duration, bedtime, and waketime. Peer influence involves the mechanism of
symbolic meaning and social norms; peer groups create meaning and social norms around
behaviors, leading to increased behavioral similarity. This chapter engages in the fundamental
‘paradox’ of college social life: the social interactions and/or engagements that build supportive
social networks (resulting in positive health outcomes) are the same interactions that displace
sleep. While some studies have shown a correlation between one’s peers’ sleep behaviors and
their own, most have used a cross-sectional design, or did not include critical confounders such as
course schedules or overall similarity of peers’ sleep (not measured on a day-to-day basis). I find
a significant effect for peer influence, net of homophily and schedule constraints. The effect is
strongest for bedtime (where social and sleep demands have the most direct competition) and
weakest for wake time (which is largely determined by institutional demands- scheduled morning
classes or sports practice). This suggests that, although schedules and selection effects play a
significant role in shaping sleep behaviors, sleep timing and duration are socially conditioned by
peers.

In Chapter Three, I use the SNAPSHOT dataset to examine how network structure affects

sleep behaviors- sleep duration, bedtime, waketime, and regularity. While Chapter Two
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establishes that peers influence sleep through norms, Chapter Three asks whether the structural
demands of maintaining a prominent or resourceful network position affect sleep. Three key
pieces of network structure are examined: eigenvector, degree, and betweenness centrality. |
expect that each network measure comes with a social connection versus sleep trade-off, again
reflecting the college social life ‘paradox’. Eigenvector centrality reflects the overall
embeddedness within a core group; this comes with an active social calendar (competing with
sleep), but also a higher sense of belonging and social support assuming that the group identity is
positive (Soltis et. al 2023; Mojsizch et. al 2021). Degree reflects popularity and overall high
social engagement; this comes with a busy social calendar, which may detract from overall sleep
duration. Betweenness captures ‘bridging’ between two groups; while this comes with exposure
to more diverse social resources, it also increases exposure to role overload and stress from
differing group expectations. Additionally, they must balance two social group’s schedules,
which may directly compete with an earlier bedtime. These three network features are often used
to identify ‘change agents’ in peer-led interventions; however, given their potential direct effects
on sleep behavior, it is crucial to identify if there are systematic differences in sleep behavior by
position to ensure that the intervention has the highest chance for success. For example, if we
select peer leaders based on a feature that is itself negatively associated with good sleep habits,
then the intervention is fighting an uphill battle to improve peer’s sleep behavior. My results
suggest that betweenness has a negative effect on sleep duration, while degree has a positive
effect on duration and leads to earlier bedtimes. Centrality, which was expected to have overall
positive effects, is conditional on sex: centrality leads to higher sleep regularity and earlier
bedtimes for women, but lower sleep regularity and later bedtimes for men. This suggests that in
this college environment, women with high eigenvector centrality view their group positively,
while men hold a neutral/negative view or do not identify closely with their group. The findings

overall suggest that the social connection versus sleep trade-offs plays out differently depending
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on which structural position one occupies, and how they experience the social demands of that
position.

Chapter Four switches datasets to NSHAP and examines the mechanisms of social
control and social capital in older adults. Older adults’ networks serve a different purpose than
young adults’; socioemotional selectivity theory posits that, as you age, your network shrinks and
focuses on those you are closest with to prioritize them over ‘exploration’ as younger adults do
(Carstensen 2021). Smaller, denser networks provide social support and more opportunities for
direct social control but also hold less social capital. Using exploratory factor analysis, I
determine three network factors that depict lower or higher levels of social capital: network
extensivity (high social capital), family ties (low social capital), and social engagement (high
social capital). I then run auto-regressive cross-lagged panel models to determine the causal
direction between networks and health behaviors in older adults. Participants with high social
capital network factor scores are more likely to participate in preventive health behaviors in later
time points and are less likely to smoke. Similarly, participants with high family tie network
scores are more likely to smoke. These associations are largely observed in the opposite direction
as well: people with good health behaviors at t have better social networks at t+1. However,
people who report binge drinking are less likely to have high social engagement scores in later
time points, and this result did not hold in the opposite direction. This result suggests that health
behaviors and social networks are highly intertwined, though risky health behaviors may hold a
stronger effect on networks than the other way around.

This dissertation examines the effects of one’s peers on their health behaviors through
multiple mechanisms. Chapter Two examines peer influence through the lens of norms and finds
a significant effect across all measures net of confounding variables. Chapter Three examines the
mechanism of tie content (stress and social support) and the competing demands of social

engagement and sleep. I find that majority-stress network positions (with high social demands)
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lead to worse sleep behavior while majority-support network positions lead to better sleep
behavior. However, one majority-support position (eigenvector centrality) holds positive effects
only for women, likely a result of their perception of the embedded group. High eigenvector
centrality has been shown to result in worse health behaviors if they hold a weak or negative
group identity; people who hold a strong, positive group identity experience null or positive
effects from having high eigenvector centrality (Soltis et. al 2023; Mojzisch et. al 2021). Chapter
Four examines social control and social capital’s effects on older adults’ preventive and risky
health behaviors and finds that while networks have a consistent effect on health behaviors, this is
also true in the reverse direction.

Overall, this dissertation suggests that peer influence on health behaviors, while present
across the life course, encompass a wide array of mechanisms that each differ in effectiveness,
which I discuss more in the concluding chapter. Briefly, while norms and stress/social support
play the largest role among young adults, social capital and social control hold a significant effect
among older adults. This pattern supports the idea that as individuals age—and their networks
shift toward emotionally close and stable ties rather than exploratory or diverse ones—the
mechanisms through which networks shape behavior also change. In earlier adulthood, broader
and more fluid networks may facilitate the spread of norms and shared behaviors, while in later
life smaller, denser networks may operate more through support, monitoring, and the
mobilization of resources. These differences suggest that the influence of networks on health
behaviors is not static but evolves alongside changes in network structure and the social contexts

in which relationships are embedded.
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2. Peer Influence in Sleep Behavior: Spread of College
Student’s Sleep Duration and Timing

Dissertation chapter solo-authored, the journal submission paper coming out of this chapter will
be co-authored with Rebecca Robbins (Harvard; Brigham and Women’s Hospital), Elizabeth
Klerman (Harvard; Brigham and Women’s Hospital), and Akane Sano (Rice University)

2.1 Introduction

Sleep is a critical component of health; chronic sleep deficiency (i.e., multiple
days/nights with insufficient sleep) increases risks of developing cancer, cardiovascular disease,
obesity, accidents, and all-cause mortality (Luyster et. al 2012; Carskadon 2004; Alvarez & Ayas
2007). Even short-term sleep deprivation (i.e., one continuous wake episode), such as staying up
all night to study for an exam, has negative health consequences including hypertension,
inflammation, and reduced glucose control (Alvarez & Ayas 2007). Irregular sleep/wake patterns,
another type of sleep disturbance, are associated with impairments in cardiometabolic function,
increased cardiovascular disease risk, higher BMI, increased blood pressure, increased prostate
cancer risk, bipolar and depressive symptoms, and obesity (Fischer et. al 2020; Reutrakul &
Knutson 2015; Sigurdardottir et. al 2012; Bei et. al 2016; Lunsford-Avery et. al 2018). Irregular
sleep/wake patterns are also associated with lower grades (Trockel et. al 2010; Phillips et. al
2017). Among young adults in particular, irregular sleep/wake patterns and/or insomnia (which
often incudes sleep deficiency) predicted increased suicidal ideation and mood disorders such as
depression or bipolar disorder (Bernert et. al 2017; Asarnow & Mirchandaney 2022; Breslau et. al
1996).

Despite sleep’s importance, many people do not get enough sleep. Adults should get 7-9
hours of sleep per night, yet more than 25% of American adults sleep less than 7 hours per night
(NIH 2022; National Health Interview Survey 2022). Young adults should get at least 8 hours of
sleep a night, yet college students typically average only 7 hours, and fewer than 30% get 8 hours

a night (Lund et. al 2010). Young adults typically also have significantly higher intraindividual
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variability (IIV) in sleep/wake patterns (i.e., bedtime and waketimes are more irregular)
compared to older adults. (Bei et. al 2016).

The college years are rife in barriers to good sleep habits. Potential factors include screen
use before bed, excess caffeine or alcohol consumption, noisy and/or bright environments, poor
mental health, and irregular sleep schedules (Altun et. al 2012; Lund et. al 2010; Li et. al 2020;
Foulkes et. al 2019; Brown et. al 2002). There is also significant voluntary sleep deprivation (e.g.,
staying up late to study or socialize), which worsens sleep hygiene (i.e., habits of healthy sleep,
such as not using phones in bed) and sleep regularity (Owens et. al 2014). Interventions designed
to educate students on proper sleep hygiene have been mixed, with most showing little to no
effect on sleep behaviors (Dietrich et. al 2016). Students often attribute insufficient sleep patterns
to school schedules and peer activity (e.g. socializing) and as contributors to a negative sleep
environment (Foulkes et. al 2019). In the United States, a majority of first-year college students
are moving out of their parents’ home for the first time to live alone or with other college students
(Bureau of Labor Statistics 2014; US Census Bureau 2020). As a result, young adults entering
college have an abrupt shift in both their living environment and social networks; their peers
likely have a proportionally larger influence on their health behaviors, as adolescent health
behaviors (for those living at home) are largely a result of parental control mechanisms
(Umberson et. al 2010; Bruening et. al 2016; Lund et. al 2010). Given the significant effect peers
have on overall health behaviors in this population, the next step is understanding specifics of
peer influence on sleep behaviors.

Despite limited evidence that peers have similar sleep behaviors and outcomes, no studies
to date have simultaneously tested sleep peer influence and selection homophily. Such tests are
challenging in college student populations due to the dominant confounding effects of class and
extracurricular schedules. Activity schedules are highly correlated with wake and bedtimes

among college students (Swinnerton et. al 2021; Lu et. al 2023) and are often similar to peers due
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to either selecting them together or meeting a peer in these activities (Schaefer et. al 2011; Jeffrey
et. al 2024; Godley 2008; Schaefer et. al 2024; Feld 1981). Many studies promote the idea,
however, that social norms and peer influence drive the causal mechanism, not homophily; one
such study shows that conversations about negative sleep behaviors with one’s peers leads to
worsened sleep behaviors, suggesting that the conversations about sleep lead to increased
diffusion of negative sleep behaviors among peer groups (Robbins 2015; Robbins & Niederdeppe
2015).

After briefly reviewing the extant work on social networks and sleep in college students,
I describe how this paper will expand on how this relationship is understood. Using the
SNAPSHOT dataset (Sano et. al 2018) - a collection of phone data and surveys of sleep and
social networks of students at one US college — I document the effect of peer influence on both
the levels and variation of three separate sleep metrics: sleep duration, bedtime, and waketime.
While variables such as schedules and average peer sleep behaviors remain significant, peer

influence hold a consistent, strong effect across all models.

2.2 Background
2.2.1 Networks and sleep behavior

Researchers have applied the socio-ecological model (commonly used in public health
and sociology) to examine how social and societal factors affect individual-level factors that
determine sleep behaviors, which has led to further studies on social networks and sleep, as well
as the formation of the social-ecological model of sleep behavior (Grandner 2019). While young
adults (ages 18-22) are experiencing biological changes that alter sleep habits, including later
timing of melatonin onset (which is correlated with the onset of sleepiness) (Owens et. al 2017,
Kennaway 2023), many argue that the social changes experienced by this age group have an

additional effect- as young adults leave their old environment where parents largely controlled
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health behaviors and create new ties, social networks strongly influence sleep behaviors through
norms and modeling behavior (Maume et. al 2013; Vela-Bueno et. al 2009; Lau et. al 1990).

Much prior work on social networks and sleep focuses on network context effects on
sleep in adolescence and young adulthood given the effects of the “long arm of childhood” on
later health behaviors and the overall magnitude of network change in this age group (Haas 2008;
Hayward & Gorman 2004). Popularity, measured as the number of social connections reported,
has been found to promote healthy sleep (Li et. al 2019; Palmer et. al 2021; Leon-Gonzalez et. al
2021). However, some work suggests this effect is contingent on the sex of the adolescent;
popularity has a negative effect on young girls, leading to less and poorer quality sleep (Li et. al
2019). Additionally, loneliness (including both the emotional response and having few or no
network ties) is associated with poorer sleep quality over time among young adults (Matthews et.
al 2017).

Findings are mixed on whether social support also affects sleep quality and behavior.
Peer support and positive peer relationships (a composite measure of friendship quality,
prosociality, and peer acceptance) have been shown to lead to better sleep quality and fewer sleep
problems such as nighttime awakenings; however, sleep problems have also been shown to cause
less positive peer relations, so the causal direction is unclear (Delaruelle et. al 2021; Tu & Cai
2020). A systematic review on peer relationships and sleep found little to no association over time
between positive relationships and sleep quality, but did find an association between negative
peer relationships and sleep quality (De Lise et. al 2023). Decreased social capital (measured
through feelings of belonging, beliefs in community helping one another out, trust of others, etc.)
similarly has been shown to be associated with short sleep duration and moderate insomnia
(Robbins et. al 2019).

Some argue, however, that either homophily is responsible for the association of

networks and sleep behavior or that the causal direction is switched. A systematic review of the
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social epidemiology of sleep behavior found significant relationships between social
relationships, support, and social capital with poor sleep, but argued that “most of the
studies...relied on cross-sectional data so the relationships remain associational instead of causal.
It remains possible that poor sleep leads to poorer social relationships, rather than the other way
around” (Chen 2019, page 449).

Among college students in particular, homophily is often plausibly attributed to schedule
similarity. Swinnerton et. al (2021) found that the first attended lecture’s start time had a
significant effect on sleep duration and sleep quality; before noon, each hour of delay for lecture
start times was associated with an increase of 37.4 minutes of sleep. Lu et. al (2023), who used
the same dataset as this paper, similarly found that participants who had earlier scheduled activity
start times woke up earlier, went to bed earlier, and had shorter sleep duration. They also found
additional effects based on the last scheduled activity’s end time and the total activity duration
throughout the day. Later end times led to students having later bedtimes and shorter sleep
duration, and longer total scheduled activity time led to later bedtimes, earlier waketimes, and

shorter sleep duration.

2.2.2 Peer influence on sleep behavior- duration, bedtime, and
waketime

Peer influence broadly describes how we adjust our behaviors to become similar to our
peers via some communication or observation process over time (Bukowski et. al 2018). Largely
achieved through the creation of social norms and interpersonal expectation within a network,
peer influence increases intragroup compatibility and reduces the risk of social exclusion
(Delfmann et. al 2023; Lauren & Veenstra 2021). In the college-aged population, the creation of
norms highly influences risky health behaviors such as drinking alcohol; this could also be true
for sleep deprivation (Umberson et. al 2010; Reed et. al 2007; Gesualdo & Pinquart 2023;

Scholly et. al 2005). Similarly, conversations about negative sleep behaviors with one’s peers
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among this age group led to worsened sleep behaviors in a related study, suggesting that the
conversations about sleep led to increased spread of sleep behaviors (particularly negative ones)
among peer groups (Robbins 2015; Robbins & Niederdeppe 2015).

Homophily, a process by which people form social groups made up of peers with similar
behaviors and identities, leads to similar behavioral outcomes; however, the cause is different. In
homophily, selection and deselection effects determine who is a member of a social group, while
peer influence describes the process by which members of the group become more similar
(Lauren & Veenstra 2021; Brechwald & Prinstein 2013).

There are few studies focusing specifically on peer influence in sleep research, and most
only look at one or two time points which makes it difficult to disentangle the effects of
homophily versus peer influence. Mednick et. al (2010) used Waves 1 and 2 from the Add Health
in-home dataset (a longitudinal study that follows adolescents through adulthood), and found that
up to four ‘degrees of separation’ (a friend of a friend of a friend of a friend) had an influence on
sleep duration, with the closer connections having a stronger effect. In addition, having peers with
‘sleep loss’ (less than 7 hours sleep duration) had a stronger effect on one’s sleep than having
peers whose sleep duration was within the recommended number of hours for the age group. Liu
et. al 2017 also examined the Add Health dataset to determine if there is a ‘peer effect’ present
for bedtimes among the sample, and found a significant relationship while controlling for
demographic factors and other covariates.

One study using Notre Dame’s NetHealth dataset (which contains more than two time
points per participant) (Wang et. al 2021) found that participant’s social ties influenced their sleep
quantity (sleep duration, bedtime, and waketime), but not their sleep quality (measured by
number of sleep interruptions and sleep latency- the time it takes for one to fall asleep). The effect
size here is estimated to be about 6.5 minutes per hour- they explain this by stating “[if] one

student has contacts who sleep on average 6 hours per night and a second student has friends who
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sleep on average 9 hours per night, then the model results indicate that the second student is likely
to sleep 19 minutes more than the first student” (Wang et. al 2021, pages 5-6). A similar effect
size is present for both bedtime and waketime. They, however, did not include the aggregate
alter-level sleep variables that would account for the selection effect.

Here, I analyze social network and sleep timing and duration data in multiple cohorts of
college students from the same US university to measure the effect of peer influence, accounting

for selection effect and other confounding variables.

2.2.3 Hypotheses

I hypothesize that peer influence of sleep duration, bedtime and waketime and their
variability will be present in the network. I also hypothesize a positive effect- as peer behavior
changes, the participants’ behavior should move in the same direction.

H1: Peer influence of sleep duration will be present among the networks; the sleep
duration of the ego will be positively associated with their respective peers’ sleep duration.

H2: Peer influence in sleep wake/bed times will be present among the networks; the
wake/bed times of the ego will be positively associated with their respective peers’ wake/bed
times.

H3: Peer influence in variation of sleep duration, wake and bed times will be present
among the networks; the daily variation will be positively associated with their respective peers’

variance.

2.3 Data and Methods
2.3.1 Data

The SNAPSHOT dataset covers seven semesters between 2013 through 2017, enrolling
270 students (roughly 35 per semester) from one Massachusetts (USA) college. Each semester, a
new cohort of students were recruited who were already socially connected to at least one other

participant- in recruitment, they were asked to identify 5 people whom they usually call or text at
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least once a week (Sano et. al 2018). They consented to have their call and text logs (timing and
hashed numbers) recorded, wear an actigraph that recorded data that could be used to calculate
information about their sleep and physiology, and filled out surveys every morning and night
about their sleep, activities done the previous day, emotions, and alcohol/drug use. For the first 6
semesters, the data were collected for roughly 30 days, but for the last, it was extended to collect
110 days’ worth of data. Freshmen (in cohorts 1 and 3, during their first semester at college) and
those who had traveled more than one time zone away one week before or had plans for such
travel during the study (except for cohort 7) were excluded from the study.

For this analysis, the sample was refined to 183 students based on two inclusion criteria:

a) A minimum of 7 days of sleep data, ensuring a sufficient duration of sleep monitoring
for each participant.

b) At least one qualifying alter (participant with >7 days of sleep data)

Using the call and text logs, an edgelist was created- for both individual semesters and

across the entire dataset.

2.3.2 Variables included in analysis
2.3.2.1 Demographics

Demographic variables were collected, including academic year, sex, and race (stored as
African American, Asian, White, Other, and More than one race). Two variables regarding living

situations were collected: if the participant lived in a dorm, and if they had roommates.

2.3.2.2 Network variables

Two network variables were included in the analysis: using the network that only
included participants, their degree (number of unique participants with whom they communicated
via call or text during the study period) and eigenvector centrality within the network were

calculated.
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2.3.2.3 Schedule variables

Participants’ self-reported the timing (i.e., schedules) of their daily activities in three
categories: exercise, academic, and extracurricular. Lu (2023) created three schedule variables for
this dataset using these data.

(1) Total activity duration describes in minutes the total duration that a participant was in
any of these scheduled activities for each given day.

(i1) and (iii) First activity start time and last activity end time describe the time when their
first scheduled activity (of any category) of the day began, and when the last scheduled activity

(of any type) of the day ended.

2.3.2.4 Sleep metrics

The analysis centers around three sleep variables- sleep duration, bedtime, and waketime.
Using a combination of actigraphy and daily sleep diaries (see Sano et. al 2018), I calculate the
values using the criteria below.

Sleep duration is calculated from the time a participant went to bed (“bedtime”) to the
time they woke up (“waketime”). Accordingly, nights where a participant did not sleep are
recorded as 0 minutes (~3.5% of nights). While this reflects the ‘time in bed’ instead of sleep
duration due to the lack of inclusion of sleep latency (time spent trying to fall asleep) (Cespedes
et. al 2016), in this age group these values are comparable so I will use the language ‘sleep
duration’ for simplicity. Nevertheless, future research should separately study sleep duration
(Robbins et. al 2021). The variance for all three sleep variables is calculated in two ways: (i) for
each individual and date as the number of minutes from each individual’s average sleep duration
across the sample time period, and (ii) as standard deviation from the person-level mean for the
given date to enable comparison across individuals.

Bedtime is operationalized as the number of minutes since noon to more accurately

compare bedtimes that occur before and after midnight. Waketime is operationalized as the
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number of minutes after midnight. “All nighters” (nights where a participant did not sleep) are
excluded from the bedtime and waketime measure, though they are included in the sleep duration

measure as stated above (stored as 0 minutes).

2.3.3 Methods

Linear mixed-effects models are used to test for peer influence, using both random and
fixed effects via Restricted Maximum Likelihood (REML) estimation. All non-categorical or
dichotomous variables are scaled via z-score to assist with model convergence and make the
results more easily interpretable.

I use models designed to simultaneously capture within and between person effects,
because I want to separate the effects of peer influence and homophily. Within these models’
predictor variables, the given sleep metric and the schedule variables are split into two separate
measures: within and between person effects. Between-person effects measure the average that
variable takes for a given person over the study period, while within-person effects measure the
deviation from the mean for a given person on a given date. While the scheduling variables focus
on the ego (controlling for the participant’s regular schedule and how it deviated that day), the
sleep metric focuses on the ego’s alters. For example, the between-person alter’s sleep duration is
the average sleep duration of the alters across the study period, while within-person measures the
deviation from the mean for each alter on the given date and is then averaged together (using an
absolute value for when one alter has a high negative variance for that date and the other has a
high positive variance). This allows for the within-person alters’ sleep measure to test for peer
influence, while holding constant the between-person alters’ sleep measure to account for
homophily or other long-term exposure effects (e.g. living together).

Due to the potential for demographics and popularity measures to moderate the

relationship between networks and sleep behavior (Li et. al 2019, Lu et. al 2023, Wang et. al
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2021), interactions are tested between the within-person variable and demographic variables; any

significant interactions are added into the final model.

2.4 Results

2.4.1 Descriptive Statistics

The demographics and related descriptive measures of the sample are in Table 1. The
sample is 44.3% freshmen. Of note, freshmen in this university are required to live in the dorms
or other communal campus-associated housing. The sample is ~66% male and 53% are White,
with the second-highest racial group being Asian at 18%.

44.8% of the sample averaged 7 hours of sleep per night across the study period- the
average sleep duration per night is just under 7 hours. On average, participants’ bedtime and
waketime are 2:18AM and 9:24AM, respectively. The average first activity start time and last
activity end time are 11:37AM and 6:11PM respectively, with an average of 7 hours and 32

minutes of total activity time per day.
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Table 1: Demographics of Sample

Definition

Total (n= 183)

Sleep duration
Bedtime

Waketime

First activity start time
Last activity end time
Total activity time
Average sleep duration above 7
hours

Live in a dorm

Live with roommates
Sex (Female)

Race

Academic Year

Number of hours spent in bed (waketime — bedtime)
Recorded time that student went to bed

Recorded time that student woke up

Time that first scheduled activity of the day began

Time that last scheduled activity of the day ended

Total time (hours) of scheduled activities from the day
Percent of students whose average sleep duration was more than 7
hours

Percent of students who live in a college dormitory (dorm)
Percent of students who live with roommates

Percent of students who identify as female

Percent of students that identified as the following racial/ethnic
group:
White
African American
Asian
Other
More than one

Percent of students that were a part of the following class years:
Freshman
Sophomore
Junior
Senior

6.9 hours (6.8 hours, 7 hours)
2:18 AM (2:08AM, 2:28AM)
9:24 AM (9:15AM, 9:34AM)

11:37 AM (11:26AM, 11:48AM)

6:11 PM (5:54PM, 6:27PM)
7.5 hours (7.3 hours, 7.8 hours)
44.8% (82)

74.3% (136)
63.9% (117)
33.9% (62)

53.0% (97)
12.6% (23)
18.0% (33)
7.7% (14)
8.7% (16)

44.3% (81)
23.5% (43)
20.8% (38)
11.5% (21)
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Social Network Metrics

Eigenvector Centrality Measure of embeddedness in a core network 0.1(0,0.1)
Degree Number of unique participants student contacted during the study 4.3(3.9,4.8)
period

Note: Time-varying variables were first averaged by participant, and then among the sample at large to avoid biasing towards the last semester’s participants
(110 study days versus the average of 30). Values in parentheses are 95% confidence intervals for all but categorical/dichotomous variables, for which the
parentheses value is a count (n) of participants that met that criteria.



The network (Figure 1) is mostly made up of larger components present for each
semester with a few duo-pairs, but in some semesters, there are a larger number of smaller
components (4-6 participants each) and no dominating component. These smaller, non-connected
components mean that centrality is relatively small for most participants. On average, study
participants have 4 in-study alters (not including non-study individuals that they called or texted

during the study periods).

n=11 N= n=2

Figure 1: Participant-only Network

2.4.2 Sleep Metrics

Table 2 (below) shows the model output for the three sleep metrics, with one unadjusted
and adjusted model for each. The unadjusted models include the day number (z score) and both

within and between alters’ given sleep metric. The adjusted models add the network variables,
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demographics, scheduling variables, and any significant interactions (if applicable). African
American is the reference category for the race variable. While the adjusted models contain
significant interactions, for the non-network variables they will only be discussed in the Appendix

(Appendix A, Figures 10-16). Peer influence is present throughout all models (Figure 2).

Sleep Duration Model (adjusted)  Bedtime Model (adjusted) Waketime Model (adjusted)
600

450 1000
575
900
400

800

Predicted Sleep Duration (minutes)

525

Predicted Bedtime (minutes since noon)

700

Predicted Waketime (minutes since midnight)

-6 -4 -2 0 2 4 -6 -3 0 3 6 -4 -2 0 2 4
Within-Person Alters' Sleep (z) Within-Person Alters' Bedtime (z) Within-Person Alters' Waketime (z)

Figure 2: Predicted Sleep Metrics by Alters' Sleep (Within-Person)
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Table 2: Multilevel Regression Model Results for Sleep Metrics (minutes)

Sleep Duration  Sleep Duration Bedtime Bedtime Waketime Waketime

(unadjusted) (adjusted) (unadjusted) (adjusted) (unadjusted) (adjusted)
Intercept 414.7%%*% (3.5)  395.2%*%* (19.3) 856.6%** (4.7) 857.7*** 565.9%** 541.5%**
(23.0) 4.4 (17.8)
Within-person Alters’ Sleep 12.3%** (2.4) 10.2%** (2.3)  12.1%*%* (2.0) 37.2%%* (7.5) 17.3*%** (1.9) 5.3*%*% (1.7)
Between-person Alters’ Sleep 7.1% (3.5) 7.1% (3.6)  32.2%** (4.8) 23.6%** (4.4) 29.6*** (4.4) 18.1*%** (3.4)
Day Number (z) 1.8 (1.8) 1.7 (1.8) -0.2 (1.5) -0.1 (1.5) 22(1.4) 2.4%(1.2)
Eigenvector Centrality (z) 0.9 (3.8) -4.5 (4.5) -4.4 (3.5)
Degree (z) -2.4 (3.8) 5.2 (4.6) 3.1(3.5)
Lives with Roommates 19.0* (7.7) -0.7 (9.3) 15.5%(7.2)
Lives in a Dorm -3.8 (10.6) 10.9 (12.7) 13.3(9.9)
Female 8.0 (8.0) -13.9 (9.8) -13.2+(7.6)
Race — Asian 7.3 (13.1) 8.2 (15.8) 18.1 (12.2)
Race — More than one 11.1 (15.6) 8.7 (18.7) 14.0 (14.5)
Race — Other -16.0 (16.0) 11.0 (19.3) -5.2 (15.0)
Race - White 15.5(11.5) -2.8 (13.8) 9.7 (10.7)
Academic Year -0.6 (4.2) -0.6 (5.1) 0.6 (3.9)
Within-person First Activity Start 24.5%%% (2.0) 7.7%%% (1.6) 37.9%%* (1.4)

Time (z)

Between-person First Activity Start
Time (z)

Within-person Last Activity End
Time (z)

Between-person Last Activity End
Time (z)

Within-person Total Activity
Duration (z)

3.4 (4.0)
1.0 (2.1)
1.2 (4.5)

0.2 (2.3)

31.0%** (4.9)
2.9+ (1.7)
5.5(5.5)

-6.2%* (1.9)

38.4%%% (3 8)
2.0 (1.4)
2.2 (4.3)

-6.2%%* (1.6)
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Between-person Total Activity -6.3 (4.8) -4.0 (5.8) -4.0 (4.5)
Duration (z)

Within-person Alters’ Sleep (z) x -4.7% (2.2)

Degree (z)

Within-person Alters’ Sleep (z) x -5.1*%* (1.9)

Academic Year

Within-person Alters’ Sleep (z) x -8.6* (4.0)

Living with Roommates

Within-person Alters’ Sleep (z) x -17.1* (7.4)

Race (Asian)

Within-person Alters’ Sleep (z) x -19.1* (9.0)

Race (More than one)

Within-person Alters’ Sleep (z) x -11.7 (9.1)

Race (Other)

Within-person Alters’ Sleep (z) x -9.0 (6.5)

Race (White)

Number of observations 4518 4518 4357 4357 4357 4357
R2 Marginal 0.011 0.063 0.096 0.193 0.103 0.360
R2 Conditional 0.127 0.176 0.384 0.402 0.386 0.516
AIC 56168.1 55895.5 52241.9 52029.1 51531.4 50391.3
BIC 56219.4 56055.9 52292.9 52220.5 51582.4 50544.4
ICC 0.1 0.1 0.3 0.3 0.3 0.2
RMSE 114.78 112.04 89.11 88.57 82.18 73.30

Note: +=p <0.1, * =p <0.05, ** =p <0.01, *** =p <0.001



2.4.2.1 Sleep Duration

Peer influence is strong and consistent in both models; the effect size begins at 12
minutes, but shrinks to roughly 10 minutes in the adjusted model. This means that, for every
standard deviation increase in sleep duration among one’s alters for that night, the ego will sleep
an additional 10 minutes. Between-person effects are also present to a lesser extent, showing that
across the study period, each added standard deviation of sleep duration among ones’ alters is
associated with an increase of 7 minutes of sleep over the study period. Degree and centrality do
not influence sleep duration in any model; among the demographic variables, only living with
roommates have a significant effect on sleep duration. Participants who live with roommates
sleep, on average, 19 more minutes per night across the study period. Among the scheduling
variables, the within-person first activity start time (the start time of the ego’s first activity of the
day relative to their average first activity start time) has a significant positive effect- for each
standard deviation of a later start time that day, the ego sleeps an additional 24 minutes. All other
scheduling variables have a null effect. Finally, there is one significant interaction present (Figure
3); participants with more alters have a smaller within-person alters’ sleep duration effect size-
essentially, the effect of peer influence is less strong among participants with more in-study

contacts.
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Figure 3: Predicted Sleep Duration based on Within-Person Alters' Sleep Duration &
Degree (z)

2.4.2.2 Bedtime

Peer influence has a similarly-sized effect in bedtime compared to sleep duration for the
unadjusted models, but the adjusted model grows the effect size to 37 minutes, roughly three
times the effect of peer influence on sleep duration. This means that, for every standard deviation
increase in bedtime among one’s alters for that night, the participant goes to sleep on average 37
minutes later. Between-person effects are also strong, and they decrease in size in the adjusted
model. Across the study period, each standard deviation of bedtime among ones’ alters is
associated with a delayed bedtime of 24 minutes. The network and demographic variables do not

have any significant effect across all models. Among the schedule variables, within and between
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person first activity start time have significant positive effects (7.5 minutes for within, 31 minutes
for between); this suggests that overall later activity start times has a larger effect on bedtime than
the individual day’s start time. Within-person total activity duration has a significant negative
effect size of 6 minutes; for every additional standard deviation of total activity duration for a
given day (compared to the individual’s average), participants go to bed 6 minutes earlier.

Within-person last activity end time also has a significant positive effect of 3 minutes.

2.4.2.3 Waketime

Peer influence, while present, has a smaller effect compared to the other two sleep
metrics. The effect size begins at 17 minutes, and then shrinks to 5 minutes in the adjusted model.
Between-person effects are also present, and has a larger effect size- the unadjusted model’s
coefficient is 30 minutes, but shrinks to 18 minutes in the adjusted model. Interestingly, day
number (standardized within each ego to account for the different study length per semester)
becomes significant in the adjusted model. Although the effect size is relatively small, for every
standard deviation increase in day number across the study period, participants wake up 2.5
minutes later. Degree and centrality are not significant across any models. Among the
demographic variables, living with roommates and sex (female) has a significant effect:
participants who lived with roommates wake up on average 16 minutes later, and women wake up
12 minutes earlier than men. Similarly to bedtime, both within and between person first activity
start time has a positive effect size (roughly 38 minutes for both variables), and within person

total activity duration has a negative effect size (6 minutes).

2.4.3 Variance of Sleep Metrics
Table 3 (below) shows the model output for the variation of the three sleep metrics, with
one unadjusted and adjusted model for each. The variables included and related specifications are

the same as the models relating to the sleep metrics in Table 2. Peer influence is present
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throughout all models, and the effect can be seen in Figure 4. Unlike the sleep metric models,

between-person effects are not significant across any of the variance models.

2.4.3.1 Sleep Duration Variance
Peer influence is present here as well, starting with an effect size of 6 minutes that grows
to 25 minutes in the adjusted model. Both within and between first activity start time have a

significant effect, with coefficients of 9 minutes and 11 minutes respectively.

2.4.3.2 Bedtime Variance

Peer influence’s effect size here is smaller than that of the bedtime model; the unadjusted
model’s effect is 7 minutes, which grows to 12 minutes in the adjusted model. Centrality also has
a significant effect of roughly -3 minutes; for every standard deviation increase in centrality, the
variance of one’s bedtime decreases by 3 minutes. Living with roommates has a negative effect
size of roughly 6 minutes. Within and between-person first activity start time have positive effect

sizes of roughly 5 minutes.

2.4.3.3 Waketime Variance

Peer influence is present here as well, with an original effect size of roughly 6 minutes
but shrinks to 5 minutes in the adjusted model. Both within and between person first activity start
time have a significant effect, with effect sizes of 8 and 7 minutes respectively. No demographic,

network, or interaction terms are significant for waketime variance.
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Table 3: Multilevel Regression Model Results for Sleep Variance (minutes)

Sleep Duration  Sleep Duration Bedtime Bedtime Waketime Waketime
Variance Variance Variance Variance Variance Variance
(unadjusted) (adjusted) (unadjusted) (adjusted) (unadjusted) (adjusted)
Intercept 83.7%** (2.3)  8L.1*¥**(11.1)  66.1*** (1.7)  69.5%** (8.3) 65.0%** (1.9) 76.1%%% (9.5)
Within-person Alters’ Sleep Variation 6.4%** (1.6) 25.5%* (7.8) 7.0%¥% (1.4)  12.0%** (2.8)  6.4*¥** (1.1) 5.1%%% (1.1)
Between-person Alters’ Sleep -0.2 (24) 0.2 (2.4) 0.8 (2.0) 0.8 (2.1) -2.3(2.5) -2.9(2.3)
Variation
Day Number (z) 1.3 (1.1) 1.3 (1.1) -1.0 (1.0) -1.1(1.0) -1.2(1.0) -1.3(1.0)
Eigenvector Centrality (z) -2.9(2.2) 2.7+ (1.4) -1.8 (1.8)
Degree (z) 0(2.3) 0(1.5) -1.5(1.9)
Lives with Roommates -5.3(5.1) -6.1+ (3.6) -3.34.2)
Lives in a Dorm 9.0(7.2) 0.2 (5.5) -1.1 (4.8)
Female 1.9(5.2) -0.8 (4.0) -0.6 (4.4)
Race — Asian -0.9 (8.0) 7.0 (6.9) -5.7 (6.8)
Race — More than one -7.6 (12.8) -0.3(8.1) -9.1(8.9)
Race — Other 10.4 (13.9) 3.7 (7.6) 14.0 (10.0)
Race - White -7.8 (7.6) -2.4(5.8) -2.1(6.8)
Academic Year 2.1(2.6) 0.4 (1.8) -3.0(2.2)
Within-person First Activity Start 9.0*** (1.8) 4.6%** (1.3) 7.7%%% (1.4)
Time (z)
Between-person First Activity Start 11.4%%* (2.7) 5.0+ (2.7) 6.9%* (2.4)
Time (z)
Within-person Last Activity End -0.1(1.4) -0.7 (1.1) -0.4 (1.1)
Time (z)
Between-person Last Activity End -3.2(2.9) -1.4 (2.1) 1.4 (2.2)

Time (z)
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Within-person Total Activity -2.5(1.8) 0(1.4) 1.7 (1.3)
Duration (z)

Between-person Total Activity -1.0 (3.3) -0.4 (2.6) -2.5(2.8)
Duration (z)

Within-person Alters’ Sleep Variation -3.9% (1.8) -2.7% (1.2)

(z) x Academic Year

Within-person Alters’ Sleep Variation -7.0+ (4.2)

(z) x Living in a Dorm

Within-person Alters’ Sleep Variation -14.2* (6.0)

(z) x Race (Asian)

Within-person Alters’ Sleep Variation -15.1* (7.6)

(z) x Race (More than one)

Within-person Alters’ Sleep Variation -2.6 (8.1)

(z) x Race (Other)

Within-person Alters’ Sleep Variation -6.1 (5.9)

(z) x Race (White)

Number of observations 4518 4518 4357 4357 4357 4357
R2 Marginal 0.005 0.050 0.011 0.030 0.011 0.053
R2 Conditional 0.113 0.134 0.127 0.136 0.148 0.174
AIC 52649.9 52472.4 48469.2 48395.2 47690.6 47559.5
BIC 52701.2 52664.9 48520.2 48554.7 47741.6 47712.6
ICC 0.1 0.1 0.1 0.1 0.1 0.1
RMSE 78.05 77.52 59.37 59.28 54.55 54.21

Note: +=p <0.1, * =p <0.05, ** =p <0.01, *** =p <0.001
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Figure 4: Predicted Sleep Metric Variance by Alters' Variance (Within-Person)

2.5 Discussion

Across all models, peer influence is present. While the effect size varies across models
for the three sleep metrics tested, it appears that the impact is strongest for bedtime, with
waketime and sleep duration following at about a third of the effect size. Among the variance
models, peer influence has the strongest effect on sleep duration, with bedtime following at about
a half of the size and waketime following bedtime with an even further decrease in size. Peer
influence also has a stronger effect on the sleep metrics than the homophily effect (measured in
between-person alter’s average) for two of the three sleep metrics. Sleep duration and bedtime
models have larger coefficients for within than between-person, but waketime models have the
opposite. This may be a result of one’s circadian rhythm and chronotype- if your class schedule
causes you to wake up earlier most days, your body adjusts to that waking time and you will more
likely wake up around that time even on days where you don’t need to. While the circadian
rhythm influence also applies to bedtimes, there may be a stronger social component to staying up
late compared to waking up early. In addition, this could be a result of the scheduling variables
not including non-formally scheduled social events such as parties or social hangouts outside of

extracurricular groups. This could lead to the ‘last activity end time’ variable not fully capturing
39



the last social activity completed that day, which may artificially inflate the within-person alters’
bedtime variable (peer influence variable). However, among the variance models, between-person
alters’ variance (accounting for homophily/selection effects) are not significant- this may be a
result of the small spread of between-person alters’ variance before it was scaled (roughly 0.5 to
0.9 across the three sleep metrics). Even with an absolute value included in the calculation to
avoid cancelling out negative and positive variances, the average variance will be close to 0.
Network variables are never significant on their own in the sleep metric models, and only
once in the variation models. This means that, contrary to other scholar’s work on networks and
sleep, having high eigenvector or degree centrality does not affect sleep behaviors after adding
related variables (e.g. schedules, average alter sleep behaviors) into the model. However, this
could be a result of the smaller network size due to only being able to include study participants
in the network creation. In Wang et. al 2021, degree was associated with an earlier wake time and
shorter sleep duration, but due to the larger sample size of in-network participants, they measured
degree by day, whereas degree in this paper is measuring all alters throughout the study period.
Demographic variables are also rarely significant; living with roommates is the only demographic
variable that is significant across multiple models (sleep duration, waketime, bedtime variation).
The scheduling variables have different outcomes when compared to Liu et. al 2023 who
used the same dataset for analysis; the only variable that maintains the same effect compared to
Liu et. al 2023 is first activity start time, which leads to earlier bedtime, earlier waketime, and a
shorter sleep duration. Last activity end time leads to later bedtimes in both studies, but in Liu et.
al 2023 it also led to a shorter sleep duration. Similarly, total activity duration leads to an earlier
waketime in both studies, but in Liu et. al 2023 it also led to a later bedtime and shorter sleep
duration, while in this study it leads to an earlier bedtime and has no effect on sleep duration. The
differences here are likely a result of including the peer influence and homophily variables. The

effects that were present in Liu et. al 2023 that are not present in this study may have been

40



capturing the effects of peer influence, e.g. alters were in the same extracurriculars near the end
of the day.

The scheduling variables sometimes have larger effects than peer influence- while peer
influence has a stronger effect on bedtime, the first activity’s start time has a stronger effect on
sleep duration and especially waketime. For the variation models, it was relatively similar- sleep
duration and bedtime’s peer influence variable have a stronger effect compared to first activity
start time, but for waketime the activity start time is significantly larger than the effect of peer
influence. This suggests that the social aspect may win out for how late one stays up, but the
structure of course schedules outweighs peer influence when it comes to waketime.

Peer influence, as noted earlier, is largely determined through social norms. Even though
this study does not directly measure perceived norms, it is worth specifying the potential norms
that may exist in this sample and how they are reinforced. First, given that average bedtime
within the sample is after 2 AM, there seems to be a norm of late bedtimes. Going to bed before a
certain time may be seen as antisocial; additionally, this may be self-reinforcing as the students
may be reluctant to go to bed earlier and lose out on the increased social connections that comes
with the late night socializing in a college environment. Second, there also may be a norm of
sleep deprivation as a ‘badge of honor’. College students in particular are known for bragging
about how little they slept; they frame sleep deprivation as evidence of hard work, popularity,
and/or overall resilience (Knowlden et. al 2012; Hershner & Chervin 2014; Robbins 2015). This
creates a ‘false consensus effect’ where students believe that their peers sleep less than they
actually do, and adjust their own behavior to match the perceived norm. Third, there may be
norms around wake time flexibility; sleeping in after a late night tends to be normalized on days
without morning obligations (e.g. mornings without class or sports practice), leading to
inconsistent wake times and overall increased sleep variation. These norms, as well as related

norms not mentioned here, are difficult to measure directly since they largely operate and are

41



reinforced through implicit expectations. They can be communicated through the availability of
social interaction at specific times (e.g. if your friends are still awake and socializing late at night,
going to bed feels like giving up or opting out of the social connection), stories people tell about
their late nights (e.g. an exciting story about a party late at night, encouraging other people to go
to similar late-night events), or even the overall lack of positive reinforcement that exists in this
population for early bedtimes.

These findings hold significant implications for peer-led intervention design. First, peer
influence holds a consistent effect across all sleep metrics even when accounting for confounding
variables, suggesting that sleep is socially conditioned among college students. This means that
peer-led interventions that focus on the social nature of sleep (e.g. promoting healthy sleep norms
among specific communities such as residence halls or athletic teams) are more likely to be
successful than interventions that target overall sleep hygiene education or a confounding variable
such as having a packed schedule that limits sleep. Second, peer influence holds the strongest
effect on bedtime, suggesting that bedtime is the most socially conditioned sleep behavior. This
suggests that peer-led interventions that focus on bedtime over waketime have a higher chance of
success, as waketime (thought still affected by peer influence) was largely determined by
scheduling factors. Finally, peer influence has stronger effects on the sleep metrics compared to
the variance models. This suggests that sleep regularity doesn’t have as strong of a network

effect, and that peer-led interventions may not be as effective at improving sleep regularity.

2.6 Conclusion

The study shows that peer influence has a strong effect on these college students’ sleep
metrics and sleep variability, even when controlling for homophily and related confounding
variables such as course schedules. Of the sleep metrics, bedtime is the most affected by peer
influence, and waketime the least affected, with homophily having a larger effect on waketime

compared to peer influence. Scheduling, largely the start time of the first activity of the day, has a

42



strong effect on sleep metrics, sometimes with an effect size larger than peer influence.
Homophily is not significant among the sleep variance models, but similarly to the sleep metric
models, scheduling variables have a larger impact on waketime compared to peer influence.

While these findings are significant, future research should improve upon the limitations
in this study. A benefit of this dataset is that the participants were selected because they were part
of a pre-existing friend group, but some participants were not messaging many (if any) other
participants and were excluded from this analysis; because the network was created through text
and call logs, this may be excluding participants who communicate with others much more often
in-person from the models. Similarly, because the text logs were only gathered from SMS logs
and not texting apps such as WhatsApp or WeChat, some ties were likely not recorded if they
only communicated through those apps. These apps are also more common outside of the United
States, so this may have limited international students’ inclusion in the network and models.

This study is the first to show peer influence on sleep behavior that both controls for alter
homophily and uses a large number of time points. Future research can build upon this study with
datasets with larger networks and networks based off of both in-person and phone
communications to ensure certain groups are not being excluded from these analyses. As research
has shown how crucial sleep is for young adults, and network interventions have struggled to
make progress in this area, more research on this topic can better inform these interventions and
allow for their success. Our peers affect our sleep in numerous ways; the mechanisms of selection
effects, norms, and shared schedules create a number of different pathways for our peers to
influence our sleep behaviors. This study attempts to disentangle these effects; future work can
build upon this through continuing to separate the effects and explore any possible interactions

between them.
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3. Network Structure and Sleep

Dissertation chapter solo-authored, the journal submission paper coming out of this chapter will
be co-authored with Rebecca Robbins (Harvard; Brigham and Women'’s Hospital), Elizabeth
Klerman (Harvard; Brigham and Women’s Hospital), and Akane Sano (Rice University)

3.1 Introduction

Although sufficient sleep is crucial in lowering the risk of negative health outcomes such
as obesity or cardiovascular events, and all-cause mortality, Americans regularly fail to obtain the
recommended 7 to 8 hours of sleep per night (Luyster et. al 2012; Carskadon 2004; Alvarez &
Ayas 2007). Sleep duration is not the only sleep behavior that leads to poor health outcomes;
consistently delayed bedtimes (often categorized as after midnight or 1am) are associated with
shorter sleep duration, diabetes, obesity, risky health behaviors such as illicit drug use or
smoking, and increased suicidality (McGlinchey & Harvey 2015; Grummon et. al 2020; Lok et.
al 2025). Irregular sleep/wake patterns also are associated with numerous negative health effects,
such as increased blood pressure, obesity, cardiovascular disease, higher risk of prostate cancer,
and bipolar and depressive symptoms (Fischer et. al 2020; Reutrakul & Knutson 2015;
Sigurdardottir et. al 2012; Bei et. al 2016; Lunsford-Avery et. al 2018).

College students in particular have poor sleep outcomes; while young adults should sleep
at least 8 hours per night, college students typically average only 7, and fewer than 30% obtain 8
or more hours a night (Lund et. al 2010). In addition, young adults typically also have
significantly higher intraindividual variability (IIV) in sleep/wake patterns compared to older
adults (Bei et. al 2016). Due to this, colleges and sleep medicine researchers have begun to focus
on this population for interventions to improve sleep quality. However, pilot studies examining
educational interventions have had limited effectiveness (Dietrich et. al 2016; Gadam et. al 2023).
One reason these interventions may be failing is that they treat sleep as an individual behavior

amenable to individual-level knowledge and motivation, while ignoring the impact that the social
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context holds. Educational interventions may not be strong enough to overcome the social
baseline (e.g. norms and social demands of one’s peer network) that affects sleep behaviors.

One way to improve these interventions would be to direct the materials towards
influential peers, a method known as peer-led interventions. Peers are more likely to be successful
in changing norms, especially in adolescence and young adulthood (Andrews et. al 2020).
Researchers select influential nodes in the network and educate those individuals both on the
benefits of the desired health behavior and how to promote these behaviors to their peers
(Veenstra 2025; Dodd et. al 2022). The selection of the influential nodes is often determined
through their network position, such as being central in the network, having the largest number of
alters, or serving as a bridge between multiple subgroups within a network (Zhang et. al 2022;
Mulawa et. al 2018; Woudenberg et. al 2019).

However, network structure may have effects on sleep behavior. The same structure
features that make one an effective ‘change agent’ (e.g. maintaining many ties, being embedded
in groups of other well-connected/influential people, or bridging between social groups) also
demand extra time and energy. Maintaining these ties and positions requires effort; coordinating
schedules, fulfilling numerous social obligations, managing expectations from multiple groups,
and managing different roles from said groups takes extra time and effort, as well as increasing
overall stress levels (Merton 1968; Krackhardt 1999; Zhao & Jiang 2022). These demands
directly compete with sleep, which is often the first health behavior sacrificed when social
schedules become crowded. Additionally, the demands of managing these social obligations may
generate stress, which has been shown to negatively impact sleep across many populations, and
among college students the effect of stress has been shown to be significantly stronger than other
well-known poor sleep correlates such as alcohol/caffeine consumption, exercise, or
environmental factors (Lund et. al 2010; Verlander et. al 1999; John-Henderson et. al 2019;

Amaral et. al 2018). Regardless of if managing the social obligations generates stress, the
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competing demands framework suggests that time displacement should hold a significant effect; a
student who spends their evening fulfilling social obligations has fewer hours available for sleep,
regardless of whether those obligations feel stressful. The success of a peer-led intervention rests
initially on the ‘change agent’: if the change agent already has worse sleep behaviors as a result
of their network position, the effectiveness of the intervention may vary.

This chapter examines the relationship between network structure and sleep behaviors
among college students. I test the relationship using three network variables- eigenvector
(embeddedness), degree (number of ties; measure of social activity), and betweenness centrality
(bridging between groups). Four sleep behaviors are examined: sleep duration, sleep regularity
(SRI), bedtime, and waketime. I argue that these network positions create competing demands on
the ego’s time and energy, and that in some cases, the volume or complexity of these demands
displaces sleep directly or generates stress that results in poorer sleep behaviors.

In the following section, I will further review how occupying influential network

positions generates competing demands on time and energy that may affect sleep habits.

3.2 Background
3.2.1 Network structure, competing demands, and sleep

Umberson et. al (2010) outlines three major mechanisms by which social networks
influence health behaviors: social norms, personal/social control, and tie content (i.e., stress and
the buffering effect of social support). Here, I draw on the tie content mechanism but broaden it
to additionally include the competing demands that different network positions place on
individual’s time, energy, and schedules. While stress is one consequence of these demands, there
is also a more direct mechanism of time displacement: the social obligations of maintaining a
prominent network position complete with sleep for the limited hours in a day. Relationships can
create demands on one’s time, energy, and schedule that can be hard to maintain. Occupying a

prominent network position can result in increased social engagements, coordination between

46



multiple social groups, and overall an increased level of obligations to one’s network members
that may create a conflict with consistently sleeping the recommended hours per night.

Additionally, these demands can lead to increased levels of stress. Stress leads to higher
levels of physiological arousal (e.g., heart rate, blood pressure) and distress. Distress both
incentivizes poor health behaviors (to cope with the distress/reduce physiological arousal) and
makes it more difficult to practice preventive health behaviors. Social support buffers the effect
of stress through reducing overall physiological arousal (Umberson et. al 2010; Cohen 2004;
Bowen et. al 2014). Stress also directly affects sleep. Stress activates the sympathetic nervous
system, decreases parasympathetic activity, and increases cortisol production (Gordon et. al 2017,
Adams et. al 2020). These interrupt melatonin production, and are associated with delayed sleep
onset, decreased sleep quality, and decreased REM sleep (Gorden et. al 2017; Monteleone et. al
1992; Kim & Dimsdale 2007).

This suggests several mechanisms that may link network position and sleep behaviors.
First, increased social activity as a whole may create ‘time pressure’ or a generally more full
schedule that competes with getting a full night’s sleep. More social events, coordination, and
obligations leave fewer hours in the day available for sleep. Second, being embedded in an
influential group results in increased social support and belonging that may promote healthier
sleep through routine and buffering against stressors. However, this embeddedness may also
result in increased social activity; as discussed, this could create excess demands on one’s
schedule and exposure to norms around late-night socializing that may displace sleep. Third,
bridging between two network subgroups results in role conflict and overload as a result of
managing each group’s expectations and social demands, as well as managing potentially
competing schedules between the groups. This can both fragment daily routines, as well as create
excess stress, and the time burden of managing the schedules may additionally result in poorer

sleep. These three mechanisms relate to the three network positions that are examined in this
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study: degree (increased social activity), eigenvector (embeddedness), and betweenness centrality
(bridging). Below, I will discuss each network position’s benefits and costs, as well as how they

have been shown to connect to health behaviors among this population.

3.2.2 Degree centrality

Degree measures the number of “ties” (relationships) that one has in a network; having a
low degree means one only has a few ties (isolation), while having a high degree means one has
many ties (popularity) (Freeman 1978). Those with a high degree generally have access to a
significant amount of social support and resources through their network ties (Berkman et al.
2000). People with high degree centrality are often targeted as ‘change agents’ in peer-led
interventions as a result of their ability to reach a majority of the network, assuming that it is
dense and does not have numerous subgroups or isolates (Zhang et. al 2022; Woudenberg et. al
2019; Valente 2012). However, having a larger number of ties also requires maintaining more
relationships, attending more social events, and coordinating schedules with more people, which
can lead to the potential of role overload (i.e., the effort needed to maintain a large number of
relationships) (Merton 1968; Zhao & Jiang 2022). These increased obligations (particularly
relating to having more social events as a whole to attend) put pressure on one’s schedule and
compete with sleep; additionally, stress that may result from these expectations and role overload.
The question for degree is whether the social support and routine that come with having many ties
outweigh the time pressure those ties generate; some work has found that the effect of social
support outweighs the effect of stress when there is a high level of positive group identity among
the ego (Soltis et. al 2023; Mojzisch et. al 2021).

Turning to the health consequences of this position, having a high degree is associated
with a myriad of health behaviors. Among adolescents and young adults, having a high degree is
generally associated with (ii) riskier health behaviors such as alcohol use, sexual intercourse, and
shorter sleep duration (Jeon & Goodson 2015; Li et. al 2019; Wang et. al 2021) and (ii) positive
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outcomes including increased physical activity across multiple metrics and studies (Lin et. al
2019). Although the effect for high degree is mixed, the evidence solidly supports that being an
isolate (little to no connections in a network) leads to negative health behaviors and outcomes
such as smoking, insomnia, and suicide (Luke & Harris 2007; Li et. al 2019; Glanz et. al 2015).
Of note: studies of sleep duration suggest there may be a bidirectional relationship- as insomnia
symptoms worsen, adolescents shrink away from their social networks (Palmer et. al 2021;
Holding et. al 2020). Studies on adults show largely positive effects: as degree increases, there are
boosts in recovery outcomes, physical activity, longer sleep duration and higher quality sleep
(Prochnow & Patterson 2021; Ma & Sayama 2015; Leon-Gonzalez et. al 2021). This suggests
that the negative effects of degree centrality (e.g. role overload, overly filled schedule) are less
present among older adults, potentially as a result of their networks (and respective expectations)
stabilizing over time.

The existing research suggests that the relationship between degree and sleep is not solely
positive or negative. Having many ties provides social support and may create structured social
routines that promote healthier sleep timing. However, the competing demands of maintaining
many relationships (e.g. a packed social calendar, coordination burden, expectation of availability
to a wide number of alters) may offset these benefits if the volume of social obligations gets too

high.

3.2.3 Eigenvector centrality

Eigenvector centrality is a measure of not just how many ties you have, but how
“important” those ties are in the network. Eigenvector centrality weights each person’s degree by
the degree of their neighbors. Having a high level of eigenvector centrality means that you are
embedded in a core network group with many other highly-connected people (Bonacich 1972).
Similar to degree centrality, they are often targeted as ‘change agents’ in peer-led interventions in
dense networks without numerous subgroups or isolates as a result of their reach to a large
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number of network members (Zhang et. al 2022; Woudenberg et. al 2019; Valente 2012). The
reported effects of eigenvector centrality are similar to those of degree: high social support but
may have excessive expectations and social obligations that result in a packed schedule and
overall increased stress. The stress due to role overload and increased expectations may outweigh
the benefits if the group identity is not highly positive (Merton 1968; Zhao & Jiang 2022;
Berkman et al. 2000; Soltis et. al 2023; Mojzisch et. al 2021).

Prior work suggests those with higher levels of centrality participate more often in risky
health behaviors such as binge drinking or compulsive exercise, have shorter sleep duration, are
more stressed, and are sick more often than their counterparts (Howell et. al 2014; Mednick et. al
2010; Khalid & Sano 2023; Mojzisch et. al 2020; Patterson & Goodson 2017). However, they
have better mental health, including increased happiness, increased self-efficacy, and lower rates
of depression (Howell et. al 2014; Liu et. al 2019). Among adolescents, while popularity has been
found to promote healthy sleep, some work suggests this effect is contingent on sex; popularity
has a negative effect on young girls, leading to less and poorer quality sleep (Li et. al 2019).
Among older adults, the effects are all positive: they are more likely to engage in preventive
health behaviors and have positive associations with mental health recovery outcomes (Prata
Menezes et. al 2024; Ma & Sayama 2015).

The existing research, similar to that of degree, suggests that the relationship between
eigenvector centrality and degree is not fully positive or negative. The potential for the
scheduling demands and stress from role overload to outweigh the benefits of social support again
seem to hinge on the group identity. This may also be reflected in the effect of eigenvector
centrality on sleep having varied results based on sex in adolescents; it is possible that the
younger girls in the study have a more negative (or overall weaker) group identity, and as a result
do not receive as many of the benefits of being embedded in their core network group. This could

also be a result of adolescent girls and boys managing their social obligations differently; if the
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boys’ are more structured (e.g. sports team practice) while the girls’ are more informal (e.g.
regular late-night discussions with a core group), this could have a direct impact on their sleep

given the timing and structured nature of they are meeting said obligations.

3.2.4 Betweenness centrality

Betweenness centrality measures how often a node lies on the shortest path between
different nodes in a network, often described as ‘bridging’ between subgroups in a network
(Freeman 1977). Betweenness is heralded for being an advantageous position, as those holding
bridging positions have more control over the flow of information and resources, and often
receive more diversified resources depending on how different the subgroups are in composition
or purpose (Granovetter 1973; Widmer 2016; Mahdon & Gerbasi 2025; Hoffman et. al 2023). In
peer-led interventions, choosing a node with high betweenness is most advantageous when the
target network has multiple subgroups due to their ability to reach multiple subgroups
(Woudenberg et. al 2019; Jones et. al 2019). In addition, if the intervention is about a
controversial or sensitive topic, such as practices to prevent sexually transmitted diseases, then
the intervention itself tends to be more effective when coming from peers with high betweenness
versus other types of centrality (Mulawa et. al 2018).

This network position, however, comes with a distinct form of competing demands.
Unlike degree centrality, where the demands come from the sheer volume of relationships,
betweenness creates additional demands from structural complexity. Not only do those in this
position have to manage a busy schedule, but they have to travel between two subgroups that may
have different norms, expectations, and schedules. Role expectations between the two groups
may differ, the expectations on the person may be higher due to their position of power/control,
and overall the role requires a significant amount of effort to maintain (Krackhardt 1999; Mahdon
& Gerbasi 2025; Hoffman et. al 2023). While a high-degree student has a busy but potentially
routine social calendar, a high-betweenness student has a fragmented one that is pulled in
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different directions by groups that may socialize at different times, in different ways, and with
different expectations.

While there are fewer studies on the effect of betweenness on health behaviors, they are
all consistently negative. People with high betweenness have lower levels of physical activity, are
more likely to be sedentary, have a shorter sleep duration, and overall engage less often in
preventive health behaviors (Lin et. al 2019; Chami et. al 2014; Li et. al 2019). This is consistent
with the competing demands framework: while they receive a more diverse set of social capital
and support, the structural complexity of navigating multiple groups (with conflicting schedules,
norms, and role expectations) creates demands that can consistently undermine health behaviors,

particularly those like sleep that require routine and long sets of uninterrupted time.

3.2.5 Structure and Sleep

The effect of structure (i.e., degree, centrality, betweenness) on health behaviors may
differ based on the demographic context and the context of the network itself (Jeon & Goodson
2015). For demographics, the major effect is age group, as popularity tends to lead to more risky
health behaviors among adolescents but not among older adults. Additionally, among adolescents,
the relationship between network position and sleep may differ based on sex, as a study found
popularity holding negative effects on sleep only for women (Li et. al 2019). They suggest that
adolescent girls put more time into maintaining their relationships compared to boys, and that the
excess demands and time spent led to the sex difference. They note that studies have shown that
girls in this age group dedicate more time towards their friendships and have more ‘intimate’
(close) friendships than boys in this age group (Crockett et. al 1984).

There, however, are still some general trends, especially if the focus is narrowed to young
adults. Among young adults, higher levels of all three measures are associated with increased
risky health behaviors, and among eigenvector centrality and degree, some preventive health
behaviors have a positive association. For sleep duration, all three network measures are
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negatively associated with sleep duration- however, those with very low degree centrality also
have shorter sleep duration. Additionally, the study that showed high levels of degree lead to
shorter sleep duration is day-specific, not aggregate- both degree and sleep duration are calculated
daily as opposed to averaging across the study period, which may be tapping into a separate
mechanism than these other network structure studies (Wang et. al 2021). No studies have
focused on the timing or regularity of sleep.

Overall, these factors within the network come with power and influence, but that comes
with a significant drawback- increased expectations, busier schedules, and stress. An individual’s
network position is defined by their particular combination of scores across these structural
dimensions, and each configuration generates a distinct set of demands on time and energy..
Having high degree centrality comes with increased social obligations required to maintain each
individual relationship, and often results in a packed schedule that competes directly with sleep
duration. While the relationships come with social support, the stress of managing these
conflicting schedules and relationships may play a role in the poorer sleep behaviors found.
Having high eigenvector centrality similarly comes with increased social obligations and a
packed schedule that competes with sleep duration, but the social support provided may outweigh
the effects of the stress and schedule volume if the embedded group identity is strongly positive
as opposed to a weak group identity. Having high betweenness centrality comes with juggling
multiple group’s schedules, role expectations, and norms; while you get access to more diverse
resources and information, the conflicting schedules and resulting stress is reflected in the poorer

sleep behaviors found.

3.3 Data and Methods
3.3.1 Data

The SNAPSHOT dataset covers seven semesters between 2013 through 2017, enrolling

270 students (roughly 35 per semester) from one Massachusetts (USA) college. Each semester, a
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new cohort of students were recruited who were already socially connected to at least one other
participant- in recruitment, they were asked to identify 5 people whom they usually call or text at
least once a week (Sano et. al 2018). They consented to have their call and text logs (timing and
hashed numbers) recorded, wear an actigraph that recorded data that could be used to calculate
information about their sleep and physiology, and filled out surveys every morning and night
about their sleep, activities done the previous day, emotions, and alcohol/drug use.

Using the call and text logs (timing, hashed phone numbers, call/text types, call duration,
text length), I create an edgelist- for both individual semesters and across the entire dataset. This
edgelist includes both participants in the study and “non-participants”- people who were called or
texted by the participants during the study, but who were not a part of the sample. The edgelist
includes non-participants for the purpose of calculating more complete network measurements of
the participants. For the first 6 semesters, the data were collected for roughly 30 days, but for the
last, it was extended to collect 110 days’ worth of data. Freshmen (in cohorts 1 and 3, during their
first semester at college) and those who had traveled more than one time zone away one week
before or had plans for such travel during the study (except for cohort 7) were excluded from the
study.

For this analysis, the sample is limited to 246 students who met the following criteria:

a) A minimum of 7 days of sleep data, ensuring a sufficient duration of sleep monitoring
for each participant.

b) At least one call or text during the study period

¢) Complete demographics and SRI data

Descriptive statistics and sample summary are given in table 4.
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3.3.2. Variables included in analysis
3.3.2.1. Demographics

Demographic variables collected include sex, age, and academic year. Two variables
regarding living situations were collected: whether the participant lived in a dorm, and whether

they had roommates.

3.3.2.2 Network variables

Three network variables are included in the analysis. Using the network that includes
both participants and non-participants, I calculate their degree, betweenness, and eigenvector
centrality within the network. These are then residualized based on the number of calls and texts

each participant made throughout the study period.

3.3.2.3 Sleep metrics

The analysis centers around four sleep variables- sleep duration, SRI, bedtime, and
waketime. Using a combination of actigraphy and daily sleep diaries (see Sano et. al 2018), I
calculate the values using the criteria below. Both the individual’s mean and variance are
calculated for each measure.

Sleep duration is calculated from the time a participant went to bed (“bedtime”) to the
time they woke up (“waketime”). Accordingly, nights where a participant did not sleep are
recorded as 0 minutes (~3.5% of nights). While this reflects the ‘time in bed’ instead of sleep
duration due to the lack of inclusion of sleep latency (time spent trying to fall asleep) (Cespedes
et. al 2016), in this age group these values are comparable so I will use the language ‘sleep
duration’ for simplicity. Nevertheless, future research should separately study sleep duration
(Robbins et. al 2021). The variance for all three sleep variables is calculated in two ways: (i) for
each individual and date as the number of minutes from each individual’s average sleep duration
across the sample time period, and (ii) as standard deviation from the person-level mean for the

given date to enable comparison across individuals.
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SRI (Sleep Regularity Index) is calculated using the method in Philips et. al (2017); it
averages the probability (across the entire dataset) of a given participant being in the same
sleep/wake state at the same time point 24 hours later.

Bedtime is operationalized as the number of minutes since noon to more accurately
compare bedtimes that occurred before and after midnight. Waketime is operationalized as the
number of minutes after midnight. “All nighters” (nights where a participant did not sleep) are
excluded from the bedtime and waketime measure, though they are included in the sleep duration

measure as stated above (stored as 0 minutes).

3.3.3 Methods

Linear regression models are used to test for significant relationships between social
network characteristics and sleep metric outcomes. Before residualizing, eigenvector centrality is
logged to account for the irregular distribution. After residualizing, the network variables are z-
scored to ease interpretation of the model coefficients. The models with SRI as an outcome

variable have robust standard errors due to SRI having a skewed distribution.

3.3.4 Hypotheses

Given that betweenness generates the highest structural complexity, [ hypothesize that (i)
participants with higher levels of betweenness will have shorter sleep duration and lower SRI due
to the fragmented schedules and competing demands of fulfilling multiple role expectations at
different times.

(i1) Degree and centrality will both have a negative association with sleep duration and
bedtime, meaning that as degree and centrality values rise, sleep duration will decrease and
bedtimes will shift to later in the evenings.

(ii1) Waketime will not be affected by any of the network variables, similar to Chapter 2,

as waketime among college students is highly correlated with class schedules (Liu et. al 2017)

56



3.4 Results

3.4.1 Descriptive Statistics

The demographics and related descriptive measures of the sample are in Table 4. Overall,
the sample includes more freshmen, and as a result also has high rates of living in the dorms
and/or having roommates (as this is a requirement of freshmen at this institution). The sample is
~63% male and half are White. The average sleep duration is just over 7 hours, with an average
bedtime of 2:24AM and waketime of 9:39AM. The average SRI is 69.1, meaning that ~69% of
the time, for each given student a random time 24 hours apart they will be in the same sleep/wake

state.
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Table 4: Demographics of Sample

Total (n= 246)

Sleep duration
SRI

Bedtime

Waketime

Average sleep duration above 7
hours

Live in a dorm

Live with roommates

Female

Academic Year

Social Network Metrics
Number of Calls and Texts Made*
Eigenvector Centrality
Degree

Betweenness

Number of hours spent in bed (waketime — bedtime)
Percent of time a student is in the same sleep/wake state at the same
time during the study period
Recorded time that student went to bed
Recorded time that student woke up
Percentage of students whose average sleep duration was more than
7 hours
Percent of students who live in a college dormitory (dorm)
Percent of students who live with roommates
Percent of students who identify as female
Percent of students that were a part of the following class years:
Freshman
Sophomore
Junior
Senior

Number of calls and texts made on average during the study period
A measure of embeddedness in a core network

Number of unique individuals the student contacted (or was
contacted by) during the study period

A measure of bridging between two groups in the network

7.0 hours (6.9 hours, 7.1 hours)
69.1 (67.8, 70.5)

2:24AM (2:15AM, 2:32AM)
9:39AM (9:30AM, 9:47AM)
50.0% (123)

75.6% (186)
59.8% (147)
36.6% (90)

42.3% (104)
23.2% (57)
19.5% (48)
15.0% (37)

1252.3 (1085.2, 1419.5)
0.04 (0.01, 0.06)
1354.9 (1181.0, 1528.8)

64166.5 (56777.0, 71556.1)

Note: Time-varying variables are first averaged by participant, and then among the sample at large to avoid biasing towards the 110-day cohort
(110 study days versus the average of 30). Values in parentheses are 95% confidence intervals for all but categorical/dichotomous variables, for
which the parentheses value is a count of participants that met that criteria.
*For the 110-day cohort, the number of calls and texts are divided by three to account for the longer duration of that study period; degree is

divided by two for the same reason



The network for each cohort is depicted below in Figure 5. While a majority of the
contact is to non-participants (the red nodes largely on the outskirts of each graph), these non-
participants often connect participants who otherwise had not called or texted one another during
the study period. Some cohorts are more cohesive than others; while the first and last cohort have
smaller sizes (20 and 16 respectively), the middle 5 all have between 34 and 46 participants, yet

cohorts 2-4 appear much more connected and central in the network compared to cohorts 5 and 6.
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Figure 5: Network Visualizations, 2013-2017

Blue = Participant (size proportional to non-bridging non-participant connections) | Red = Bridging non-participant (connected to 2+ participants)



3.4.2 Sleep Metrics
Tables 5 through 7 show the model output for the four sleep metrics based on eigenvector
centrality, degree, and betweenness, respectively, with one unadjusted and adjusted model for

each. The adjusted models add the demographic variables.

3.4.2.1 Sleep Duration

The only demographic variable that holds significance across all models is having
roommates: participants who live with roommates sleep, on average, an additional 16 minutes per
night. Betweenness has a negative relationship with sleep duration; for every standard deviation

increase in betweenness, participants sleep for 8 fewer minutes.

3.4.2.2 SRI

Participants who live in the dorms have a slightly lower SRI score, with a reduction of
3.5 averaged across the models. In addition, for every increase in academic year (e.g., freshman
to sophomore), the SRI falls by roughly 1.3 averaged across all SRI models.

Both betweenness and centrality have negative relationships with SRI; for each increase
in standard deviation of betweenness or centrality, the participants’ SRI score falls by 1.3 or 2.1
respectively. However, eigenvector centrality’s effects differ based on sex- the interaction
between centrality and sex is 3.4. As depicted in Figure 6, this shows that while the men's SRI is
negatively affected by centrality, the women’s SRI has little to no effect (if anything, their effect

is positive, with a net value of 1.24).

3.4.2.3 Bedtime and Waketime

No demographic variables are significant in any of the bedtime or waketime models.
Degree has a negative relationship with both bedtime and waketime; for every additional standard
deviation in degree, the participants go to bed 11.5 minutes earlier and wake up 7.7 minutes

earlier. While eigenvector centrality itself is not significant in the bedtime models, the interaction

61



term between centrality and sex is significant- as can be seen in Figure 7, centrality appears to

cause women to go to bed earlier but has little to no effect on men.
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Figure 6: Predicted SRI by Centrality and Sex
950
900

Sex

E‘ Male
850 —| Female

800

Bedtime (minutes after midnight)

-4 -2 0 2
Centrality (log, residualized, z-score)

Figure 7: Predicted Bedtime by Centrality and Sex
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Table 5: Regression Model Results for Sleep Metrics (Eigenvector Centrality)

Sleep Sleep SRI SRI Bedtime Bedtime Waketime  Waketime
Duration Duration  (unadjusted) (adjusted) (unadjusted) (adjusted) (unadjusted) (adjusted)
(unadjusted) (adjusted)
Intercept 421.1%%%  411.1%** 69.1%** T4.2%** 863.7*%**  858.4%*** 578.7*** 550 0%**
(2.8) (12.8) (0.7) (2.8) 4.2) (19.2) 4.4) (19.8)
Eigenvector Centrality -422.9) -3.6(2.9) -1+ -2.1%*%(0.8) -2.8 (4.3) 2.5(5.3) 44 4.4) -46(4)5)
(logged, residualized, z-score) (0.6)
Academic Year -0.5(3.1) -1.3+(0.7) 2.5(4.7) 3.7 (4.8)
Sex (female) 4.5 (6.0) 1.0 (1.4) -12.8 (9.1) -10.5(9.4)
Lives with Roommates 15.5% 0.1(1.4) -1.3(9.2) 13.5(9.5)
(6.1)
Lives in a Dorm 0.2 (8.2) -3.5+(1.9) 7.2 (12.4) 10.4
(12.8)
Eigenvector Centrality 3.4%* (1.3) -16.1+
(logged, residualized, z-score) (8.9)
x Sex (female)
Number of observations 246 246 246 246 246 246 246 246
R2 0.009 0.040 0.011 0.049 0.002 0.023 0.004 0.017
R2 Adjusted 0.005 0.020 0.007 0.025 -0.002 -0.001 0 -0.003
AIC 2570.9 2571.1 1866.1 1866.3 2768.1 2772.7 2782.1 2786.8
BIC 2581.5 2595.6 1876.6 1894.3 2778.6 2800.7 2792.6 2811.4
Log Likelihood -1282.5 -1278.6 -930.04 -925.13 -1381.03 -1378.33 -1388.07 -1386.42
F 2.13 1.99 - - 0.436 0.958 0.995 0.845
RMSE 44.45 43.75 10.61 10.40 66.35 65.63 68.28 67.82

Note: +=p <0.1, * =p <0.05, ** =p <0.01, *** =p <0.001
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Table 6: Regression Model Results for Sleep Metrics (Betweenness)

Sleep Sleep SRI SRI Bedtime Bedtime Waketime  Waketime
Duration Duration (unadjusted) (adjusted) (unadjusted) (adjusted) (unadjusted) (adjusted)
(unadjusted)  (adjusted)
Intercept 421, 1%%* 411.7%%* 69.1%** 74.0%** 863.7%**  861.6*** 578.7F**  560.3%%*
(2.8) (12.6) (0.7) (2.8) 4.3) (19.2) 4.4 (19.7)
Betweenness (residualized, -6.8% (2.8) -6.3* (2.8) -1.4+(0.8) -1.3+(0.8) 0.6 (4.3) 0.5(4.3) 4544 -4444
Z-Score)
Academic Year -0.5(3.1) -1.2+(0.7) 1.3 (4.7) 3.3(4.8)
Sex (female) 4.7 (6.0) 1.0 (1.5) -12.2 (9.1) -10.2 (9.4)
Lives with Roommates 15.1* (6.1) -0.1(1.4) -0.9 (9.2) 13.3(9.5)
Lives in a Dorm -0.5 (8.2) -3.5+(1.9) 5.8(12.4) 9.5(12.8)
Number of observations 246 246 246 246 246 246 246 246
R2 0.023 0.053 0.017 0.034 0 0.008 0.004 0.017
R2 Adjusted 0.019 0.033 0.013 0.014 -0.004 -0.013 0 -0.004
AIC 2567.3 2567.6 1864.6 1868.2 2768.5 2774.6 2782.1 2786.9
BIC 2577.8 2592.2 1875.1 1892.7 2779.0 2799.1 2792.6 2811.5
Log Likelihood -1280.66 -1276.81 -929.28 -927.09 -1381.24 -1380.29 -1388.04 -1386.47
F 5.77 2.70 - - 0.02 0.378 1.06 0.83
RMSE 4412 43.44 10.58 10.48 66.41 66.15 68.27 67.84

Note: +=p <0.1, * =p <0.05, ** =p <0.01, *** =p <0.001
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/Table 7: Regression Model Results for Sleep Metrics (Degree)

Sleep Sleep SRI SRI Bedtime Bedtime Waketime ~ Waketime
Duration Duration  (unadjusted) (adjusted) (unadjusted) (adjusted) (unadjusted) (adjusted)
(unadjusted) (adjusted)
Intercept 421.1%%*%  410.7%** 69.1%** T4.2%** 863.7%**  866.4*** 578.7***  564.2%**
(2.8) (12.8) (0.7) (2.9) (4.2) (19.0) 4.3) (19.7)
Degree (residualized, z-score) 3.7(2.9) 4.3 (2.8) 0(0.5) 0(0.5) -11.3%* -11.5%* -8.2+(4.4) -7.7+(4.4)
4.2) 4.2)
Academic Year -0.7 (3.1) -1.4+(0.7) 0.2 (4.6) 2.1(4.7)
Sex (female) 4.8 (6.0) 1.0 (1.5) -12.2 (9.0) -10.2 (9.3)
Lives with Roommates 16.6%* 0.1(1.4) -3.2(9.1) 12.3 (9.5)
(6.1)
Lives in a Dorm 0.2 (8.2) -3.5+(1.9) 4.4 (12.3) 8.7 (12.7)
Number of observations 246 246 246 246 246 246 246 246
R2 0.007 0.043 0 0.020 0.029 0.037 0.014 0.025
R2 Adjusted 0.003 0.023 -0.004 -0.001 0.025 0.017 0.010 0.005
AIC 2571.4 2570.4 1868.7 1871.8 2761.3 2767.2 2779.6 2784.8
BIC 2581.9 2594.9 1879.2 1896.4 2771.8 2791.7 2790.1 2809.4
Log Likelihood -1282.68 -1278.19 -931.35 -928.92 -1377.66 -1376.58 -1386.81 -1385.42
F 1.71 2.13 7.23 1.856 3.50 1.25
RMSE 44.49 43.68 10.67 10.56 65.45 65.17 67.93 67.55

Note: +=p <0.1, * =p <0.05, ** =p <0.01, *** =p <0.001



3.5 Discussion

Betweenness has a negative relationship with sleep duration and SRI as expected.
Students who bridge between groups have to navigate different social worlds with different
schedules, norms, and expectations, and this structural complexity appears to directly undermine
both the quantity and regularity of their sleep. Since betweenness (as well as the other network
variables) is residualized based on the number of calls and texts made during the study period, the
obligation of keeping up phone communication to a sheerly higher number of individuals is
separated from the structural bridging aspect of betweenness.

This finding illustrates the competing demands framework clearly, and suggests two
distinct pathways through which bridging undermines sleep. First, the time burden of managing
obligations across multiple groups reduces the total hours available for sleep (e.g. a student who
attends a study group meeting, followed by sport practice, followed by socializing with a third
different friend group is spending more of their time socializing in a day and has fewer hours left
in their day to allot to sleep). Second, the irregularity of these competing schedules fragments
their sleep routine, producing lower SRI scores. This dual pathway additionally reflects Merton’s
(1968) role strain, in which people have difficulty fulfilling incompatible demands from multiple
social roles.

From a life course perspective, the negative effects of betweenness on sleep during
college may have implications that extend beyond the college years. If bridging positions
establish patterns of irregular, shortened sleep during a crucial habit-forming developmental
period, these patterns may persist even after the structural demands that produced them have
changed. The life course theory concept of cumulative disadvantages suggests that the sleep debt
and habits accumulated during college could compound over time, contributing to longer-term

health consequences (Elder 1998; Hayward & Gorman 2004).
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Degree, however, behaves opposite to how I predicted- having higher degree centrality
leads to earlier bedtimes and waketimes, and has no effect on sleep duration. This finding further
notes the distinction between the volume and complexity of social demands. Having many ties
creates a busy social life, but the demands are different than those generated by betweenness. A
student with high degree has many relationships to maintain, but these relationships could exist
within a relatively coherent social world or group of friends that may have significant overlaps.
The coordination required for students with high degree is focused on fitting similar activities
(and potentially with similar groups of people) into one’s schedule, as opposed to coordinating
between different social groups and navigating the conflicting social contexts and norms. The
earlier bedtimes and waketimes suggest that social activity volume may create structure that
promotes healthier sleep timing. Students with many social ties may have busier daytime social
schedules (e.g. lunches, study sessions, extracurriculars) that create a rhythm to the day and leave
evenings as wind-down time rather than the primary socializing time. This contrasts with
betweenness, where the complexity of managing multiple social groups pushes some social
obligations into the evening hours.

This also speaks to the social paradox of college socialization and sleep: the same social
connections that displace sleep through late-night socializing also provided belonging, support,
and daily structure that promotes healthier sleep timing. For degree, the balance tips toward the
positive; the routine and support from having many social ties outweighs the time pressure. This
may explain the opposite relationship found in Wang et. al (2023), which studied a similar
population and found the opposite effect (that degree led to shorter sleep duration and later
bedtime). Wang et. al (2023) did not include the overall number of texts and calls made in their
models, and their degree was calculated daily (daily network size) as opposed to cumulative
across the study period. Their study may have captured more of the obligation to maintain

relationships from the degree variable, whereas in this chapter that may be partially explained
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through the number of texts and calls variable. Additionally, the daily measure may be picking up
the displacement effect (more socializing today means less sleep tonight), which the semester-
level measure captures the longer-term benefits of being well-connected (e.g. through routine,
support, social structure).

While eigenvector centrality does not affect sleep duration as expected, it surprisingly
does have a negative effect on SRI. However, this effect (as well as the effect on bedtime) differs
based on sex; while centrality holds a negative relationship for males (lower SRI and later
bedtimes), females have opposite effects of higher SRI and earlier bedtimes. Prior work has
shown sex interaction effects on network effects with sleep duration and bedtime in high schools.
However, in that study, the popular girls had worse sleep than the boys, where this study finds the
opposite (Li et. al 2019).

The sex difference suggests that the same structural position produces different
experiences for men and women in this college context. This reverse effect may be explained by
the social context of each study; while centrality increases stress among students who are weakly
identified with their social network, it has a null effect on those who hold a strong identification
as the effect of social support buffered the exposure to stress that comes with the given central
network position (Mojzisch et. al 2021). Perhaps in a high school setting, the girls had weaker
group identities than the boys, but this reversed in the college setting. If women in central
positions identify more strongly with their friend group and find their social role more
emotionally meaningful, the social support benefits of centrality may outweigh the competing
demands, promoting routine and earlier bedtimes. For men, the same central position may be
experienced more as social obligation compared to meaningful belongingness, tipping the balance
more towards the competing demands effect.

Alternatively, this could be a result of study design. Li et. al (2019) used complete

network data from 2 schools out of the Add Health study. This study uses a different set of
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students for each cohort, who were already a part of a pre-determined friend group. The social
identification towards a friend group versus an entire school is vastly different, and as such may
explain the differences in findings between the two studies. The social demands of school-wide
popularity are likely different from those of friend-group embeddedness. Additionally, Li et. al
(2019) note that the adolescent girls in their sample spent more time maintaining relationships,
suggesting that they were more affected by the competing demands than social support. In
college, this may be different as there is less forced proximity to peers and friends groups are
more self-selected.

This could also be a result of how women and men manage social obligations differently
(e.g. daytime versus nighttime socializing, structured versus unstructured social plans). Central
men may be more likely to engage in unstructured, late-night socializing (e.g. gaming sessions,
spontaneous outings, alcohol-related socializing) that directly displaces sleep and fragments
routines. Central women may be more likely to engage in structure social activities (e.g. planned
dinners, organized study groups, scheduled social events) that are compatible with more
consistent sleep timing.

These sex-specific findings for eigenvector centrality have additional implications for the
life course. If central women develop more regular sleep patterns in college while central men
develop less regular ones, life course theory suggests that these patterns may persist and
compound over time. The health benefits of regular sleep would accumulate over time for
women, while the costs of irregular sleep would accumulate over time for men. This raises
questions about whether the gendered experience of network position contributes to broader
gender differences in health trajectories over the life course.

These findings demonstrate a fundamental tension between social networks and health in
young adulthood. The social connections that college students build contribute to increased

wellbeing; they provide belonging, support, identity, and mental health benefits (Howell et. al
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2014; Liu et. al 2019). However, the primary means of both building and maintaining these
connections (spending time together) directly displaces sleep. They also contribute to our
understanding of how occupying strategically beneficial network positions (which are often
targeted for peer-led interventions) may produce both benefits and costs through the competing
demands framework. Degree centrality results in earlier bedtime and waketimes, which suggests
that the social support and routine outweighs any overload of social obligations and stress, and
that their socializing may be more structured during the daytime hours. Betweenness centrality
results in lower sleep duration and SRI, suggesting that the complexity that comes with this role
(higher expectations, juggling differing norms and roles, conflicting group schedules) results in
more irregular schedules and stress. Eigenvector centrality has differing effects based on sex; men
have lower SRI and later bedtimes, while women have higher SRI and earlier bedtimes. This
suggests that factors such as group identification, norms, and overall social context of the
embedded group contribute to the sleep outcomes, and that in this population those are reflected

through sex differences.

3.6 Conclusion

This study shows that network structure affects sleep duration and bedtime in this
sample- betweenness has a negative effect on sleep duration, while degree has a positive effect on
sleep duration and earlier bedtimes. This suggests that students with high levels of betweenness
may not be the best choice for “change agent”/influential nodes in peer-led interventions, since
their sleep habits are worse than their peers. However, it does suggest that participants with high
levels of degree and eigenvector centrality are still good selections for these interventions, as they
have similar if not better sleep habits than their peers, so their structural advantage can be used to
spread positive sleep behaviors. For eigenvector centrality however, this effect has seen some

interactions based on sex, and is hypothesized to be a result of low or high group identification,
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so the social context must be taken into account before choosing central nodes as change agents
for sleep behavior interventions.

Overall, this expands our understanding of how network structure can create competing
demands among young adults. While these three aspects of centrality (degree, eigenvector, and
betweenness) contribute social capital and support, they also come with demands on one’s time
and energy that can result in stress competing with the benefits the centrality provides. In
particular, although high levels of betweenness centrality comes with more diverse resources,
since these resources are coming from two separate groups, the level of expectations and
commitment required to sustain these relationships (and the stress that results from it) seems to
outweigh the benefits when it comes to sleep behaviors in this population.

While these findings are significant, future research should improve upon the limitations
in this study. A benefit of this dataset is that the participants were selected based off of being a
part of a pre-existing friend group, but some participants were not messaging many (if any) other
participants; because the network was created through text and call logs, this may be artificially
reducing the network size, etc. of participants who communicate with others much more often in-
person. Similarly, because the text logs were only gathered from SMS logs and not texting apps
such as WhatsApp or WeChat, some ties were likely not recorded if they only communicated
through those apps. These apps are also more common outside of the United States, so this may
limit international students’ inclusion in the network and models. In addition, while these findings
are not generalizable across all young adults, since there are 7 separate cohorts spanning multiple
years it does reduce the influence of the specific social context of each cohort on the model,
which makes it easier to draw out the effects of the network position on sleep at colleges in
general.

This study builds upon previous research into pilot studies on sleep behavioral

interventions and the network-based selections for peer-led interventions. By understanding how
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the competing demands of different network positions affect the sleep of potential “change
agents”, the selection can be focused more on students in these strategic “spread” positions who
also have similar or better sleep habits than their peers, such as those who occupy high degree
positions in the network and not those with high levels of betweenness. Future research can
examine this relationship across other colleges to ensure generalizability, and can use non-phone
based networks to confirm that these effects are present when the networks are captured using
alternative methods. They can also directly measure the intermediary mechanisms (e.g.
scheduling complexity, perceived social demands, group identification) that this study theorizes
but does not directly observe. Additionally, longitudinal follow-up studies that track whether the
sleep patterns associated with college social network positions persist into post-college life would

provide valuable evidence on the life course implications this study theorizes.
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4. Social Networks and Health Behaviors in Older U.S.
Adults

4.1 Introduction

Preventive and risky health behaviors are generally predictive of life expectancy and
disability-free life years (Lafortune et. al 2016; Perez-Tasigchana et. al 2020; Jacob et. al 2016;
Cohen-Mansfield 2011). While most literature focuses on these effects among adolescents and
younger adults due to the influence of earlier behaviors on later ones, health behaviors still matter
for the health of older adults, even when controlling for past behavior. Health behaviors such as
being physically active, taking vitamins, having a healthy diet, and regularly sleeping 7-8 hours
per night are associated with a decreased risk of developing a disability, an increased number of
disability-free life years, higher self-rated health scores, lowered risks of developing dementia,
and lowered mortality rates among older adults (Wu, McCrone & Lai 2008; Perez-Tasigchana et.
al 2020; Svedberg et. al 2019, Lafortune et. al 2016, Jacob et. al 2016, Cotter & Lachman 2010).
Risky health behaviors such as smoking or drinking alcohol have the opposite effect on older
adults- associated with a significant decrease in functioning (Michael et. al 1999), increased risk
of dementia (Lafortune et. al 2016), increased mortality (Lafortune et. al 2016, Svedberg et. al
2019), and shortened disability-free life years (Shang et. al 2022, Jacob et. al 2016, Lafortune et.
al 2016, Svedberg et. al 2019, Perez-Tasigchana et. al 2020, Ropponen & Svedberg 2014,
Zajacova & Montez 2018).

Social networks influence health behaviors through tie content and social control. Tie
content captures elements of social capital such as information, and social support. Social control,
which is particularly influential in adolescents and in older adults (when there is a caretaker or
guardian in the network), involves direct or indirect control of a person’s behaviors through
methods such as rule-setting or setting expectations (Umberson et. al 2010). However, when

studying the effect of social networks on older adult’s health behaviors, it is crucial to note that
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the function (and therefore the structure) of social networks changes over the life course. As
adults age and gain age-acquired disabilities, their social networks shrink and are more geared
towards providing social support, specifically material and instrumental support (McColl &
Friedland 1995; Brito et. al 2019, Flatt et. al 2012). The makeup of older adults’ networks is
substantially different than younger adults, as older adult networks tend to shrink. Networks come
to focus on family or very close friendship ties, reduce unsupportive ties, and generally have
larger proportion female as a result of their socialization as nurturers and caregivers (Rowlands
2000; Qu 2023; Latham-Mintus 2019; Brito et. al 2019).

Despite the well-known associations between networks and preventive health behaviors
in younger samples, remarkably little research asks whether these associations hold in older
populations. The research on this work is challenging on multiple fronts. First, most prior work
has used simple cross-sectional association tests that fail to account for how network composition
might be affected by health behavior. In the absence of dynamic data, one cannot disentangle
cause from effect. Second, preventive health behaviors become habitual over time with people
largely continuing the practices that they develop earlier in life, limiting change that can be
explained by social effects. These two features mean that identifying how social relations might
facilitate self-help through health behaviors requires large samples collected over time. Here, I
make use of newly available NSHAP data to provide an initial evaluation of the linkages between
network composition, structure and behavior. I find that measures of high social capital networks
lead to increased preventive health behaviors and reduced smoking in later time periods, and that

this effect also holds in the reverse direction.

4.2 Background
4.2.1 Models for Elder Network Formation & Maintenance
Multiple theoretical traditions provide insight into how the social networks of elder

Americans are structured. From within the health & aging literature, the Socioemotional
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Selectivity and Convoy models provide insights based on life-course constraints and
opportunities. From within broader social network literature, networks provide social capital

largely driven by family and neighborhood foci.

4.2.1.1 Socioemotional Selectivity Theory

Socioemotional selectivity theory is a life-course theory of motivation that suggests that
as endings approach (not only through aging but through other “endings” such as adult children
moving away), people tend to “prioritize emotionally meaningful goals...over exploration”
(Carstensen 2021, page 1188), leading to smaller, closer-knit networks. As a result, older adults
may prune weaker or instrumental ties and concentrate their time on a small set of emotionally
rewarding relationships. This shift can matter for health behavior because information, norms,
and encouragement about activities such as exercise, medication adherence, or medical screening
increasingly come from this tighter circle of close contacts. If those ties support healthy routines
the effects can be strongly reinforcing, but if the remaining network lacks health-promoting
norms or information, the smaller network may also limit exposure to new health behaviors or

resources.

4.2.1.2 The Convoy Model

The convoy model depicts one’s social network as a literal convoy (a set of ships) that
follows the ego throughout their life; the makeup of one’s convoy (as well as the structure,
function, and quality of said convoy) is determined by personal and situational characteristics
(Antonucci et. al 2013; Fuller et. al 2020). The convoy model references socioemotional
selectivity as only a part of the understanding of older adult’s networks- it argues that, while
socioemotional selectivity contributes to the pruning of convoy members in later life, this is not
universal (Fuller et. al 2020). The convoy model holds that there are three layers within a network
ordered by closeness; while the socioemotional selectivity theory posits that the outer layers

(those less close to the ego) should fall off over time, the convoy model argues that though this is
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likely, it is not universal and the likelihood of this occurring may be a result of the personal and
situational characteristics that influence the convoy’s makeup (e.g. if they are in an assisted living
facility or not) (Antonucci et. al 2013). However, some research using the convoy model has
shown that the effect of personal characteristics (e.g. race) on one’s convoy may wane over time,
suggesting that it may be situational characteristics that influence the convoy’s makeup later in

life and not the personal (Antonucci et. al 2013).

4.2.2 Social capital and control’s effects on older adult health

Social capital, a concept that broadly refers to the resources that one’s network provides
(e.g. social support, information, access to specialized knowledge/experts), is correlated to health
behaviors and outcomes among older adults (Cornwell & Cornwell 2008; Moore & Carpiano
2020; Shiovitz-Ezra & Litwin 2012; Moore et. al 2014; Wu et. al 2018). Particularly among older
adults, social support tends to be the most frequently studied aspect of social capital on health.
Social support generally promotes health and is positively associated with health behavior. From
a traditional social network perspective, these resources are structured by the social contexts—or
“foci”—that organize interaction (Feld 1981). As people age, participation in major foci such as
workplaces often declines while residential stability increases, concentrating social interaction
within neighborhoods, family networks, and a smaller set of routine settings. These shifts can
shape both the availability and type of social capital older adults access, influencing how health
information circulates, how norms around health behaviors develop, and how support for
managing chronic conditions is mobilized.

While social support is generally positive, some work has warned of “over-supportive”
relationships or of discarding all “demanding” ties. Those who are “over-supportive” may be
providing unneeded and/or unwanted instrumental support, which may decrease dependence and

physical functioning (Antonucci et. al 2013, deLeon et. al 2001; Mavandadi, Rook & Newson
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2007). A tie may “be perceived as demanding because they “demand” improvements in health
behaviors” (Antonucci et. al 2013, page 87).

Demanding or controlling social relations captures an element of social control, which
has two components: direct (through regulating behaviors or access to behaviors) and indirect
(instilling norms) (Umberson et. al 2010). While social control is less effective in promoting
healthy behaviors in older adults, one’s spouse, adult children, and/or caregiver are usually the
most successful, and older adults in high social capital networks tend to have those types of ties
available and are therefore more often recipients of social control (Xiao et. al 2018; Umberson et.
al 2010). While social control is generally less effective at promoting health behavior change
among older adults than in earlier life stages, certain relationships—particularly spouses, adult
children, and caregivers—are more likely to exert influence successfully. These ties are also more
common in high—social capital networks, meaning that older adults embedded in such networks
are more frequently exposed to reminders, encouragement, or pressure related to health
behaviors. As a result, the structure and composition of close personal networks can shape not
only the availability of support but also the degree to which health-related behaviors are
monitored, encouraged, or discouraged in everyday life.

Specific aspects of network structure have been used to directly measure these concepts.
Network size is associated with social support and preventive health behaviors such as: an
increase in physical activity (Marquez et. al 2014; Prochnow & Patterson 2021), receiving regular
cancer screenings (Kinney et. al 2005), and overall health benefits for older adults (Cornwell &
Laumann 2015). Network density, on the other hand, has been shown to amplify the effects that
tie content provides on health behaviors, since it allows for a quicker spread of information,
resources, as well as having stricter norms and expectations (Zou et. al 2015). High levels of
network density are associated with more risky health behaviors, such as needle-sharing among

drug-users (Latkin et al. 1996) and drinking alcohol at higher rates among male college students
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(Fondacaro & Heller 1983), as the information and norms surrounding these risky behaviors
spreads quickly throughout the group. It is also associated with higher levels of cardiovascular
risk (measured through high-sensitivity C-reactive protein) among Hispanic and African
Americans (Flores et. al 2023). The diversity of one’s relationships also has a significant
relationship with social capital; the less overlap in the type of relationship (e.g. kin versus non-
kin, friend, neighbor) there is, it is suggested that the resources brought into the network will
overlap less as well, leading to increased overall social capital (Ali et. al 2018; Cohen et. al 1997;
Ellwardt et. al 2015). High-kin networks in older adults are associated with decreased physical
activity, worse self-rated health, decreased disability-free life years, increased mortality, and
increased symptoms of depression (Ali et. al 2018; Shiovitz-Ezra & Litwin 2012; Piedra &
Iveniuk 2025; Litwin 2011; Lund et. al 2000).

While some work has combined the social capital, resources and family-demand elements
of networks into discrete typologies (Shiovitz-Ezra & Litwin 2011; Xiao et. al 2018; Piedra &
Iveniuk 2025; Litwin 2011; Li & Zhang 2015), I take a more exploratory approach here that
allows us to identify robust network features while providing maximal flexibility by using factor
analysis (see methods below). I include measures related to network composition (percent kin,
type of kin, spouse), network structure (size, density) and relational / social contact (volunteering,
secondary association, religious activity). These allow us to capture multiple dimensions of
social connectedness that reflect both the resources available through networks and the social
contexts in which ties are embedded. In doing so, I can assess how features such as close-knit
family structures, exposure to diverse social settings, and opportunities for support or social
control jointly shape the social environment of older adults. This approach also connects to the
mechanisms discussed above—socioemotional selectivity, focus-based opportunities for
interaction, and the role of close ties in providing support or regulating behavior—by allowing

these processes to emerge empirically from the observed patterns of network organization.
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4.2.3 Health behaviors in older adults
I am focusing on 2 preventive and 2 risky behaviors- physical activity, taking vitamins,
smoking, and drinking alcohol. I will explore their impacts on older adults, as well as their

connections to social networks.

4.2.3.1 Physical activity

Physical inactivity heavily affects health outcomes among older adults- it is associated
with a more severe and rapid disability trajectory (Nusselder, Looman & Mackenbach 2005; Wu,
McCrone & Lai 2008), worse self-rated physical health (Cotter & Lachman 2010), higher risk of
disability (Cotter & Lachman 2010, Ropponen & Svedberg 2014, Lafortune et. al 2016, DiPietro
et. al 2018, Rillamas-Sun et. al 2018), fewer disability-free life years (Jacob et. al 2016, Svedberg
et. al 2019, Perez-Tasigchana et. al 2020), higher risk of developing dementia (Lafortune et. al
2016), and increased mortality (Lafortune et. al 2016, Svedberg et. al 2019). It is crucial that
older adults maintain physical activity in order to prevent these negative outcomes.

Larger networks and increased social support are both associated with increased physical
activity among older adults (Berkman et. al 2000; Watt et. al 2014; Shlenk et. al 2021). Social
capital, social participation/engagement, and having a more ‘diverse’/not family-dominated
network are all predictive of physical activity in older adults (Prochnow & Patterson 2021; Josey
& Moore 2018; Ho et. al 2018; Shiovitz-Ezra & Litwin 2012).

There is some evidence that suggests reciprocal effects, with physical activity affecting
social networks. One intervention that increased physical activity in older adults found improved
cognition and perceived social support (Tarazona-Santabalbina et. al 2016), and other studies also
find a similar connection between physical activity and improved cognitive and physical
functioning (Bertera 2003; Litwin & Shaul 2018). For those who are physically inactive, their
reduced cognitive and physical functioning puts them at a higher risk of becoming socially
isolated (Bertera 2003).
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4.2.3.2 Vitamins

Taking vitamin supplements regularly is associated with a decreased risk of developing a
disability in older adults (Wu, McCrone & Lai 2008), and overall healthy eating is also associated
with lower mortality and decreased risk of developing dementia (Svedberg et. al 2019, Lafortune
et. al 2016). While it is best to get needed vitamins and minerals from a healthy and balanced
diet, they are seen as an important supplement for older adults in particular due to minimal
negative side effects and filling in important nutrition gaps that help to prevent negative health
conditions (Ward 2014).

High social capital is associated with increased medication adherence, including vitamins
(Hong et. al 2025). Additionally, although social control is somewhat less effective among older
adults, when it is a more everyday or ‘mundane’ task such as taking medications, it leads to
increased adherence (Tucker 2002; Tucker et. al 2004). However, taking vitamin supplements
regularly as an older adult also increases friendliness and reduces stress among women, increases
cognitive function, and decreases depressive symptoms (Docherty et. al 2025; Lee et. al 2016).
These effects could lead to more social engagement or contact with network members, creating a

potential alternate causal pathway.

4.2.3.3 Alcohol use

The effects of drinking alcohol, even moderately, are increased in older adults. Not only
are older adults more sensitive to the effects of alcohol, but it also accelerates age-related
physiological decline, increases risks of health conditions and mortality, and has an increased risk
of drug interaction effects due to both the increased number of medications taken and the
increased sensitivity to these interactions in old age (Sorocco & Ferrell 2010; Bares & Kennedy
2020).

Drinking alcohol is a largely social behavior, so network effects have been studied

previously. Having closer relationships (potentially related to social support), being a part of a
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‘diverse’/high social capital network, high levels of social support, and low levels of strain/stress
(negative social support) are all related to lower odds of alcohol use among older adults (Cohen &
Lemay 2007; Bui 2020; Adnum et. al 2024; Villalonga-Olives et. al 2020; Kim et. al 2016;
Berkman et. al 2000; Shiovitz-Ezra & Litwin 2012). The rates of alcohol use are also higher
among divorced or widowed older men, but marital status had no effect on women (Watt et. al
2014). Although having higher social capital serves to reduce alcohol use overall, on specific
days when interacting with more people, alcohol use increases among older adults, particularly
among those who are regular drinkers or are in low social capital networks (Cohen & Lemay
2007; Bui 2020). However, particularly as drinking is a socialized behavior, some support the
reverse causal direction. The main argument here is the selection effect; particularly among heavy
drinkers, it has been shown that the drinking behavior leads to selecting the members and
composition of one’s network, and that this effect is as strong as, if not stronger than, the effects

of social capital on alcohol use (Kim et. al 2016; Bullers et. al 2001; Rosenquist et. al 2010).

4.2.3.4 Smoking

Current smoking habits (controlling for previous smoking habits and demographic
variables) are associated with a significant decrease in functioning (Michael et. al 1999),
shortened disability-free years of one’s life by several years in multiple estimates (Shang et. al
2022, Jacob et. al 2016, Lafortune et. al 2016, Svedberg et. al 2019, Perez-Tasigchana et. al 2020,
Ropponen & Svedberg 2014, Zajacova & Montez 2018), increased risk of dementia (Lafortune et.
al 2016), and increased mortality (Lafortune et. al 2016, Svedberg et. al 2019).

Similar to drinking, smoking is a highly socialized behavior. Older adults in more
diverse/high social capital networks, who are not on the ‘edge’ of a network/are more central or
popular, and who do not have network contacts that smoke are less likely to be current smokers
(Cohen & Lemay 2007; Christakis & Fowler 2008; Takagi et. al 2020; Berkman et. al 2000). The
rates of smoking are also higher among divorced or widowed older adults (Watt et. al 2014).
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Although the biggest determinant of current smoking behavior is if you’d ever smoked before, in
older adulthood social influence and social control (as well as social support regarding smoking
cessation) hold important roles in preventing current smoking behaviors (Thomeer et. al 2019;
Takagi et. al 2020, Berkman et. al 2000). However, similarly to drinking, smoking behavior also
has strong effects on social networks. Smoking leads to smaller network size, increased

loneliness, and decreased social engagement (Gimm et. al 2023).

4.2.4 Disability and health status

One crucial element that was noted in prior sections is the connection to health and
disability status. Having worse self-rated health or higher ADL scores (a measure of disability) is
associated with a smaller network size, and are less likely to be a part of diverse/high social
capital networks (Domenench-Abella et. al 2021; Xiao et. al 2018; Li & Zhang 2015; Ali et. al
2023). Having a disability may also affect health behaviors; for example, as a result of risky
medication interactions, someone with a disability who is on multiple medications may be
restricted from drinking. These associations may also be a result of reverse causation; prior health
behaviors influence both current health behaviors and one’s disability status, and similarly those
who are in low social capital networks have increased physiological stress and decreased
promotion of positive health behaviors that both contribute to worsening physical health (Li &
Zhang 2015; Berkman et. al 2000; Wu, McCrone & Lai 2008). Particularly among older adults
who have disabilities at higher rates, it is crucial to include measures of health and disability

(such as ADL scores) in a given statistical model.

4.3 Data and Methods
4.3.1 Data

I use the National Social Life, Health, and Aging Project (NSHAP) data. This is a
longitudinal dataset that began in 2005 and collects a new wave’s worth of data roughly every 5

years. It is focused on the older population (determined as 57 years or older in the sample for
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wave 1), examining their health and social networks as they age. They also have a cohort
sampling strategy, as they follow participants until they either stop participating or pass away; at
the moment there are only 2 cohorts (cohort 1 born in 1920-1947, cohort 2 born in 1948-1965)
and there are 3 waves of data for cohort 1 and only 1 wave of data for cohort 2 (O’Muircheartaigh
et. al 2021).

The network data is ego-centric, with the participant nominating their strong relations, so
I focus on network characteristics that do not depend on system-level network features (such as
receiving ties from other people). As rosters B-D changed over the waves, I only use roster A for
the social network data. The name generator for roster A was: “From time to time, most people
discuss things that are important to them with others. For example, these may include good or bad
things that happen to you, problems you are having, or important concerns you may have.
Looking back over the last 12 months, who are the people with whom you most often discussed
things that were important to you? (Prompt if do not know: This could be a person you tend to
talk to about things that are important to you.)” (Cornwell et. al 2009, page i48).

The sample is restricted to participants who have responses for each wave of data
(removing cohort 2 and those in cohort 1 with only one or two responses) and who have complete
responses for the variables used in the analysis. 1372 people are included in the analysis; with
three observations per person, the number of total observations is 4116.

The variables in analysis are described below with descriptive statistics in table 8.

4.3.2 Variables included in analysis
4.3.2.1 Demographics
I include age, race/ethnicity, gender, and highest level of education (ranging from less

than high school to a bachelor’s degree or more).

4.3.2.2 Health behaviors

I combine information on multiple health behaviors resulting in 6 variables:
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Physical activity was collected in each wave with a similar survey instrument that asked
how often they “participated in vigorous physical activity or exercise” in the last 12 months, with
responses ranging from ‘never’ to ‘3 or more times per week’. In waves 2 and 3, this was
expanded to include an additional response category of ‘4-5 times per week or more’; in order to
ensure comparability with wave 1 responses, I coded ‘4-5 times per week or more’ the same as 3
or more times per week’. This is operationalized two different ways- one as a numeric scale (1 to
5), and another as a dichotomy of ‘never’ or ‘any’ to match Shiovitz-Ezra & Litwin 2012.

Taking vitamins is dichotomized as a yes/no response based on if they had recorded
taking a vitamin or vitamin/mineral combined supplement in the medications list portion of the
survey.

In waves 1 and 2, participants were asked if they were a current drinker; if they
responded no, then they were also asked if they drank in the last 3 months. In wave 3, participants
were only asked if they drank in the last 3 months. As a result, participants are coded as ‘recent
drinkers’ in waves 1 + 2 if they responded yes to either question, and in wave 3 if they responded
yes to having drank in the last 3 months. Additionally, in order to capture binge drinking, I also
code participants as ‘binge drinkers’ if they responded yes to the question asking if they had
drunk more than 4 drinks at once in the last 3 months.

Participants are marked as a ‘current smoker’ if they responded yes to the question “Do

you smoke cigarettes, cigars, or a pipe now?”.

4.3.2.3 Disability

To operationalize disability and physical functioning, I use their ‘activity of daily living’
(ADL) score. In NSHAP there are 7 items used to calculate one’s ADL score: walking across the
room, walking one block, dressing, bathing/showering, eating, getting in or out of bed, and using

the toilet. Each has a scale of 0-3 (no difficulty, some difficulty, much difficulty, and unable to
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do). The score is calculated where no difficulty was marked as 0 and all other responses were

marked as 1, then all items are added together to make a combined score of 0-7.

4.3.2.4 Network measures

Shiovitz-Ezra and Litwin (2011) developed network typologies using NSHAP data that
are widely cited in this literature. However, their classification relies on measures collected only
in Wave 1, and attempts to reproduce the typology without those variables did not yield
sufficiently similar results to inspire confidence in its use with later waves. More recent work by
Piedra and Iveniuk (2025) proposes a related typology—consisting of “Enriched,” “Focused,”
and “Restricted” networks—designed to be replicable across all three waves of NSHAP data.
Their approach estimates network types using random-intercept latent transition analysis.

Given these limitations, and concerns that key distinctions among the proposed types—
particularly between Enriched and Restricted networks—may be heavily driven by marital status,
I adopt a more flexible approach. Rather than imposing a predefined typology, I use exploratory
factor analysis (EFA) to identify underlying dimensions of network structure, composition, and
social engagement directly from the observed measures. This approach allows us to capture the
major organizing features of older adults’ networks while avoiding reliance on classifications that
are difficult to replicate across waves or analytic platforms.

The variables used in the EFA were largely the same as Piedra & Iveniuk (2025) with
two caveats. Due to the high volume of missing data for the loneliness variables in the sample
(the questions used to calculate them were included only in the leave-behind questionnaire, which
had a lower response rate than the in-home interview), I exclude the loneliness variable from
analysis. Additionally, I remove marital status (instead used as a control variable in the analysis)
due to it creating ultra-Heywood cases (when a variable’s estimated communality exceeds 1.0
during factor analysis) and not loading consistently across each wave. EFA is run on each wave
individually, and since the factor loadings are relatively consistent across the waves, the loadings
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from wave 1 are used to create the factor scores for all waves. In calculating factor scores for
waves 2 and 3, the factor determinants are standardized based off of wave 1’s data, so that the
factor scores in waves 2 and 3 will accurately reflect the change from wave 1 and be comparable
wave to wave. | use oblimin rotation, an oblique rotation (as opposed to orthogonal), which

allows the factors to correlate.

4.3.3 Methods

I use auto-regressive cross-lagged panel models to test the relationships between social
capital and health behaviors. Adjusted weights for non-response and selection bias are not
available for Wave 3 at this time. However, models include all variables used for selection except
for stratum; in order to account for this, robust standard errors based on stratum cluster are

implemented.

4.3.4 Expected Results

Based on the relationship between social capital and positive health behaviors, having a
more “resourceful” network should lead to increased positive health behaviors and decreased
risky health behaviors. Social support in particular should play a role in decreasing risky health
behaviors; network factors relating to higher levels of social support should reflect decreased
risky health behaviors. While ADL status may predict future network class membership,
preventive health behaviors should not be a significant predictor of network factor scores;
however, risky health behaviors such as drinking or smoking may predict future network factor

scores in low social capital networks.

4.4 Results

4.4.1 Descriptive Statistics
As discussed in the methodology section, I use exploratory factor analysis to measure

aspects of social capital and control within one’s network. Using the variables from (Piedra &
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Iveniuk 2025) minus the loneliness scale and marital status, Figure 8 shows the significant (>0.3)

factor loadings (see Appendix C for factor correlation, reliability, distributions, and scatterplots).

Number of Children 0.33
Percent Kin 0.63
Contact Frequency -0.39 0.35
Network Size Loading
—_ 1.0
0.5
Network Density 0.64 0.0
-0.5
Network Range -0.6 -,
Volunteering 0.66
Meeting Attendance 0.66
Religious Attendance 0.43
Network Extensivity Family Ties Social Engagement

Figure 8: Factor Loadings

Three tangible factors come out of the analysis. The first is network extensivity- this
factor is heavily determined by network size, and is also characterized by having less contact with
network members and having a low “network range”. Network range, as defined by Piedra &
Iveniuk (2025), is a measure of the relative diversity of relationship types (e.g. friend, neighbor,
spouse, child) conditional on network size. Lower levels of network range, which are associated
with this factor, indicate that network members have similar relationships to the ego. However,
since this measure is also conditional on network size, the loading on this factor may be a result
of the size component. Lower contact frequency also loaded onto this factor; this is likely a result

of the practical issues that come with maintaining a larger number of ties. While the total amount
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of communication one has with their network at large may remain the same, the amount per
network tie is reduced. High values on this factor reflect high social capital. The large network
size, which is the major determinant of this factor, is a large driver of the social capital through
the greater access to social resources and support from the numerous network ties. While having
less contact and less diverse relationships may be seen as detractors of social capital, both of
these measures relate to network size as a whole.

The second factor represents family ties. This factor is heavily determined by density and
percentage of kin, and is also characterized by having more contact with network members and
more children. Contact frequency loads across both this factor and the large, low-contact factor,
but with opposite direction. High values on this factor reflect low levels of social capital and
potentially higher levels of social control. While the close, highly communicative ties promote
increased social support, having high density in a relatively homogenous network limits the
access to diverse resources and information. As spouses and adult children are the most effective
when it comes to social control for older adults, having a high-kin percentage in the network
enables more opportunities for successful social control on health behaviors.

The third factor represents the three social engagement variables- weekly (or more)
attendance at religious services, local meetings, and volunteer work. Notably here, the local
meetings and volunteer work had higher loadings than religious services. High values on this
factor reflect high social capital. Engagement with a larger community results in increased levels
of belonging, weak ties (who provide diverse social resources), and exposure to a regularly
scheduled activity with members of a community that may shift over time.

Three variables do not have significant loadings- household size, support, and strain. For
household size, this may be a result of removing marital status from the factor analysis; since
household size is collapsed down to three options (lives alone, with one other person, or with two

or more), living with one person may serve as an indicator of marital status. It is also possible that
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household size’s potential effect gets consumed by the network size or percent of kin variables, as
those are also closely related. Strain and social support also do not have significant loadings.
Similar to household size, other variables may ‘absorb’ their effect; alternatively, since these
measures have a relatively low variability, there may just not be enough of a difference for them
to associate in one direction or another with the other variables.

Table 8 reviews the demographics (including factor scores and health behaviors) of the
sample over the three waves. Notable demographic shifts over time include an increase in
widowers (14% in wave 1 to 26% in wave 3), as well as an increase in ADL scores (0.57 in wave
1 to 0.96 in wave 3). Regarding health behaviors, while the risky health behaviors all decrease in
frequency over time, the preventive health behaviors have a split- vitamin use increases, while
physical activity decreases. Interestingly, in a seeming reverse of what would be expected by
socioemotional selectivity theory, network extensivity factor scores increase over time while
family ties scores decrease over time. Social engagement holds relatively constant over the three
waves. However, this may be a result of the factor scores being standardized to wave 1’s data; the
scores are reflecting a change from their wave 1 network structure, so if networks at wave 1 are
already relatively dense and family-focused, then there may be a ‘floor effect’ in that the

networks cannot increase in their density and family ties much more than they already had.
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Table 8: Demographics (by Wave)

Definition Total Wave 1 Wave 2 Wave 3
Age Age (years) 71.43 (71.19, 66.32 (65.97, 71.46 (71.11, 76.2 (76.17,
71.67) 66.67) 71.82) 76.87)
% Female Percent that identify as female 52.5% (2160) - - -
Education Percent who obtained highest level of
education in each category:
Less than High School 16.2% (666) - - -
High school or equivalent 23.7% (975) - - -
Some college 32.6% (1341) - - -
Bachelor’s or more 27.6% (1134) - - -
Race Percent who identify as the following
racial/ethnic group:
White 73.2% (3012) - - -
Black 14.3% (588) - - -
Hispanic, non-black 10.6% (435) - - -
Other 2.0% (81) - - -
Marital Status Percent who fit in the following marital
status categories:
Married 65.0% (2677) 70.0% (961) 65.5% (899) 59.5% (817)
Living with a Partner 2.0% (84) 2.2% (30) 2.3% (32) 1.6% (22)
Separated 0.9% (39) 0.9% (13) 0.9% (12) 1.0% (14)
Divorced 10.1% (417) 10.6% (146) 9.5% (130) 10.3% (141)
Widowed 19.7% (810) 14.0% (192) 19.5% (268) 25.5% (350)
Never Married 2.2% (89) 2.2% (30) 2.3% (31) 2.0% (28)
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ADL Score

Physical Activity (scale)

Physical Activity
(binary)

Takes Vitamins
Smokes Cigarettes
Drinks Alcohol
Binge Drinking

Factors Scores

Measure of disability (0-7). 0 =no
difficulty with any activities of daily
living, 7 = difficulty with all activities
of daily living
Average amount of physical activity (0
to 5; 0 =never, 5 = 3+ times a week)
Percent who participated in any
physical activity (1-5 on the scale
measure)
Percent who take vitamins or
vitamin/mineral supplements
Percent who smoke cigarettes, cigars,
or a pipe
Percent who reported drinking alcohol
in the last 3 months
Percent who reported drinking 4 or
more alcoholic beverages in one sitting
Score on the following network factor
scores:

Network Extensivity

Family Ties

Social Engagement

0.73 (0.68, 0.77)

3.79 (3.75, 3.84)

83.8% (3449)

51.4% (2114)
10.5% (434)
56.0% (2307)

11.8% (485)

0.16 (0.13, 0.18)

-0.12
(-0.15, -0.09)
0 (-0.02, 0.03)

95.3% (1308)

41.2% (565)
11.7% (160)
63.5% (871)

14.6% (200)

0 (-0.05, 0.04)

0 (-0.04, 0.05)

0.57 (0.50, 0.64)  0.65 (0.58, 0.73)

436 (4.31,4.42) 3.60 (3.52, 3.69)

80.8% (1108)

55.1% (756)
11.7% (160)
59.3% (813)

12.1% (166)

0(-0.04,0.05) 0.22 (0.18, 0.26)

-0.13
(-0.17, -0.08)

0.01
(-0.03, 0.06)

0.96 (0.87,
1.04)

3.41(3.33,
3.50)
75.3% (1033)

57.8% (793)

8.3% (114)

45.4% (623)

8.7% (119)

0.24 (0.20,
0.29)
-0.23
(-0.28, -0.19)
-0.01
(-0.05, 0.04)

Note: all continuous variables are reported as mean (95% confidence interval); all dichotomous/binary variables are reported as % (n). Variables
that did not vary over time (gender, education, and race) have null values for the individual waves as they are the same across all waves.



4.4.2 Model Output
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Figure 9: Cross-Lagged Panel Model Conceptual Path Diagram

The conceptual path diagram for the auto-regressive cross-lagged panel model is above in
Figure 9. I use regression-based CLPM as the primary analysis; however, an SEM version is in
the Appendix (Appendix C) as a robustness check (Table 13) and the findings are similar to the
primary analysis.

Table 9 shows the model output results for the red path in the diagram (networks causing
health behavior), while Table 10 shows the model output results for the blue path in the diagram
(health behaviors causing networks). Both unadjusted and adjusted model results are reported-
unadjusted models include the lagged outcome and lagged predictor variables, while the adjusted
models include the control variables (lagged marital status, lagged ADL, education, ethnicity,
age, gender, and the remaining lagged network factors). For the network to health behavior
models (Table 9), all three network factors are included simultaneously as predictors in order to
control for the effects of the other network factor scores. For the health behavior to network
models (Table 10), each network factor is predicting in its’ own model, while the other two

lagged network factors are included as controls.
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4.4.2.1 Network Extensivity

Higher network extensivity scores predict increased physical activity (both the binary and
scale measures) at later waves. A one-unit increase in network extensivity score is associated with
a 20% increase in odds of participating in any physical activity and an increase of 0.05 on the
physical activity scale. While the unadjusted model finds significant effects for increased vitamin
use and decreased smoking, these effects do not remain in the adjusted models. No significant
effects are found for either drinking variable.

In the reverse direction, physical activity (binary measure) predicts increased network
extensivity scores; participating in any physical activity is associated with a 0.10 increase in one’s
network extensivity score. While there are significant relationships between several health
behaviors and network extensivity scores in the unadjusted models (physical activity (scale) leads
to increased scores, smoking and drinking lead to decreased scores), these disappear once the
control variables are included in the adjusted models. This suggests that a bidirectional

relationship exists between physical activity and network extensivity.

4.4.2.2 Family Ties

Higher family ties scores predict increased odds of smoking at later waves. A one-unit
increase in family ties score is associated with a 30% increase in odds of smoking. While the
unadjusted model finds a significant effect for decreased vitamin use, this effect does not remain
in the adjusted models. No significant effects are found for physical activity or either drinking
measure.

In the reverse direction, smoking predicted increases family ties scores; smoking is
associated with a 0.10 increase in one’s family ties score. While there are significant relationships
between several health behaviors and family ties scores in the unadjusted models (taking vitamins

and drinking both lead to decreased scores), these disappear once the control variables are
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included in the adjusted models. This suggests that a bidirectional relationship exists between

smoking and family ties.

4.4.2.3 Social Engagement

Social engagement has significant relationships with multiple health behaviors. Higher
social engagement scores predict increased odds of participating in any physical activity (and an
increase in the physical activity scale measure), vitamin use, and decreased odds of smoking at
later waves. A one-unit increase in social engagement score is associated with a 23% increase in
odds of participating in any physical activity, a 0.12 increase on the physical activity scale, a 12%
increase in odds of taking vitamins, and a 36% decrease in odds of smoking. No effects are found
for either drinking variable. However, in the unadjusted model, social engagement predicts a
decrease in the odds of binge drinking; this effect disappears once the control variables are added
in the adjusted model.

We also find some evidence for relationships in the reverse direction. Physical activity
has a positive effect on social engagement: a 1-point increase in the physical activity scale is
associated with a 0.02 increase for the social engagement score. Smoking also holds a similar
effect on social engagement, with a decrease of 0.14 for the social engagement score. However,
the effect that social engagement has on vitamin use is not reciprocated in the reverse direction;
there is no relationship between vitamin use and later social engagement scores. Although
drinking habits do not have a significant effect (similar to the reverse direction), binge drinking
does lead to a 0.13 drop in social engagement score- this effect is not present in the reverse
direction after controls are added. This suggests that, while physical activity and smoking hold a
bidirectional relationship with social engagement, binge drinking leads to lower social

engagement over time and does not have a reciprocal relationship.

94



Table 9: Model Output- Networks Causing Health Behaviors

Network Factor Health Behaviors Estimate Estimate
(Unadjusted (Adjusted Model)
Model)

Network Extensivity Physical Activity (any) 1.19%* (0.06) 1.20%* (0.06) [
[1.06, 1.33] 1.07, 1.35]

Family Ties Physical Activity (any) 0.93 (0.07) 1.10 (0.08)
[0.81, 1.08] [0.95, 1.28]

Social Engagement  Physical Activity (any) 1.32%** (0.07) 1.23%* (0.08)
[1.14, 1.53] [1.05, 1.45]

Network Extensivity Physical Activity (scale) 0.09* (0.04) 0.05+ (0.04)
[0.01, 0.16] [-0.004, 0.15]

Family Ties Physical Activity (scale) -0.04 (0.04) 0.03 (0.05)
[-0.11, 0.03] [-0.05, 0.13]

Social Engagement  Physical Activity (scale) 0.17*** (0.04) 0.12*** (0.04)
[0.10, 0.25] [0.07, 0.23]

Network Extensivity Takes Vitamins 1.21%** (0.05) 1.08 (0.06)
[1.11,1.32] [0.97,1.21]

Family Ties Takes Vitamins 0.85*** (0.05) 1.04 (0.06)
[0.78, 0.93] [0.92,1.17]

Social Engagement  Takes Vitamins 1.22%** (0.05) 1.12+ (0.06)
[1.11, 1.35] [0.99, 1.27]

Network Extensivity =~ Smoking 0.84+ (0.10) 1.14 (0.13)
[0.70, 1.02] [1.02, 1.66]

Family Ties Smoking 1.28%* (0.10) 1.30%* (0.13)
[1.05, 1.56] [1.02, 1.66]

Social Engagement  Smoking 0.57*** (0.11) 0.64*** (0.13)
[0.46, 0.72] [0.50, 0.82]

Network Extensivity —Drinking 0.97 (0.06) 0.95 (0.07)
[0.86, 1.08] [0.82,1.10]

Family Ties Drinking 1.02 (0.07) 1.07 (0.09)
[0.89, 1.16] [0.90, 1.26]

Social Engagement  Drinking 1.02 (0.07) 0.99 (0.07)
[0.90, 1.16] [0.86, 1.13]

Network Extensivity Binge Drinking 0.89 (0.09) 1.06 (0.12)
[0.75, 1.05] [0.83, 1.36]

Family Ties Binge Drinking 1.14 (0.08) 1.07 (0.14)
[0.97, 1.33] [0.82, 1.41]

Social Engagement  Binge Drinking 0.81* (0.09) 0.89 (0.10)
[0.68, 0.98] [0.73, 1.09]

Note: Estimate for physical activity is beta, all others are odds ratios. Results are reported as:

estimate (standard deviation) [95% confidence interval]
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Table 10: Health Behaviors Causing Networks

Health Behaviors Network Factor Estimate Estimate

(Unadjusted (Adjusted Model)
Model)

Physical Activity (any)  Network Extensivity 0.15%* (0.05) 0.10+ (0.05)
[0.05, 0.26] [0,0.21]
Physical Activity (any)  Family Ties -0.06 (0.05) -0.03 (0.04)
[-0.15, 0.03] [-0.11, 0.06]
Physical Activity (any) Social Engagement 0.08*%* (0.03) 0.01 (0.04)
[0.03, 0.14] [-0.06, 0.09]
Physical Activity (scale) Network Extensivity 0.03** (0.01) 0.02 (0.01)
[0.01, 0.06] [-0.01, 0.04]
Physical Activity (scale) Family Ties -0.02 (0.01) -0.01 (0.01)
[-0.03,0.004] [-0.02, 0.01]
Physical Activity (scale) Social Engagement 0.03*** (0.01) 0.02* (0.01)
[0.02, 0.05] [0, 0.04]
Takes Vitamins Network Extensivity 0.04 (0.03) -0.04 (0.03)
[-0.01, 0.09] [-0.10, 0.02]
Takes Vitamins Family Ties -0.06* (0.03) -0.01 (0.03)
[-0.12, -0.004] [-0.07, 0.06]
Takes Vitamins Social Engagement 0.05* (0.02) 0.01 (0.02)
[0.01, 0.09] [-0.03, 0.06]
Smoking Network Extensivity -0.14** (0.05) -0.08 (0.06)
[-0.24, -0.04] [-0.19, 0.03]
Smoking Family Ties 0.12*%* (0.04) 0.10* (0.05)
[0.04, 0.21] [0.01, 0.19]
Smoking Social Engagement -0.15%** (0.03) -0.14*** (0.03)
[-0.21, -0.09] [-0.20, -0.09)
Drinking Network Extensivity 0.07+ (0.04) 0.03 (0.03)
[-0.01, 0.14] [-0.04, 0.09]
Drinking Family Ties -0.07* (0.03) -0.02 (0.03)
[-0.13,-0.01] [-0.07, 0.04]
Drinking Social Engagement 0.01 (0.02) -0.04 (0.03)
[-0.04, 0.06] [-0.09, 0.01]
Binge Drinking Network Extensivity -0.08 (0.05) -0.04 (0.04)
[-0.17,0.02] [-0.13, 0.05]
Binge Drinking Family Ties 0.02 (0.04) 0.01 (0.04)
[-0.06, 0.10] [-0.06, 0.09]
Binge Drinking Social Engagement -0.12%** (0.03) -0.13%** (0.03)
[-0.18, -0.05] [-0.19,-0.07]

Note: All estimates are beta coefficients. Results are reported as: estimate (standard deviation)

[95% confidence interval]
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4.5 Discussion
The results show that social network characteristics predict health behaviors in older
adults. However, the direction and strength of the effects vary based on the dimension of network

structure, and the active mechanism (social capital or control) that it promotes.

4.5.1 Network Extensivity

Network extensivity is one of the two high social capital factors. High extensivity implies
large network size, low contact frequency, and low network range (low diversity in relationship
types in one’s network). Higher network extensivity scores predict increases in physical activity
(both on the scale and binary measures), but have no significant effect on vitamins, smoking, or
drinking after adding control variables to the models. In the reverse direction, physical activity
(binary measure) predict increased network extensivity scores. This suggests that a bidirectional
relationship exists; larger networks provide more opportunities to engage in physical activity,
whether through having more people to exercise with, more social engagements to participate in
that require physical activity to go to and from, and more information and resources about
opportunities to be physically active (or about the importance of physical activity on one’s
health). Physical activity then continues to increase network extensivity scores, whether through
being able to make the trip between social engagements if they require physical activity, being
outside more often and meeting more exercise partners, or the physiological effects of being
physically active that result in increased sociability and increased cognitive ability.

The lack of significant effects in either direction with other health behaviors might be a
result of the type of social capital being provided through this aspect of network structure. Larger
networks create social capital through access to a diverse set of information and resources. This
could be reflected in increased opportunities to be physically active with network members,
awareness of more social engagements that include physical activities, etc. Particularly as these

networks are lower-contact (and did not have a significant density loading), they may not be
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promoting health-related norms and expectations that are more effective around preventing risky
health behaviors. This finding is consistent with prior research that linked large network size to
increased physical activity among older adults (Prochnow & Patterson 2021; Shiovitz-Ezra &
Litwin 2011). However, it does not match other research that linked large network size to
decreased smoking and drinking habits (Berkman et. al 2000). This may be a result of the other
loadings on the factor; while network range and low contact frequency are related to network
size, they still have their own effects. For example, smoking cessation interventions are more
effective coming from close ties; having lower contact frequency may indicate that although
network extensivity has a larger network, the individual ties may not be as close to the ego as

needed to be effective at reducing risky health behaviors.

4.5.2 Family Ties

The family ties factor represents lower social capital and increased social control; it is
characterized by having a high percentage of kin, high density, and having both a larger
household size and more children. Higher family ties scores predict increased odds of smoking at
later waves, and this relationship also holds in the opposite direction as smoking predicts higher
family ties scores at later waves. There are no other significant relationships between family ties
and health behaviors in either direction. This suggests that a bidirectional relationship exists; as
one’s network becomes denser and family-focused, they are more likely to smoke, and smoking
status increases their family ties score.

This could be a result of the battling influences of high social control and low social
capital that comes from this type of network. They may effectively cancel each other out when it
comes to more easily adjustable habits such as physical activity or taking vitamins, but social
control may not be as effective when it comes to stopping (or preventing) smoking. It could also
be a result of the two differing types of social control- indirect and direct. Direct (or regulatory)
social control is often more utilized in preventing risky health behaviors, and this type of social
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control also results in added psychological distress due to the restraint placed (Hughes & Gove
1981). This result, specifically with smoking behaviors, was also found in a study of social
control and smoking among older adults- although it was cross-sectional so causal direction could
not be determined, those with higher levels of direct social control in their network were more
likely to be current smokers (Giles et. al 1990). Other work in this area has shown mixed effects,
though it has been suggested that this is a result of an interaction effect: direct social control by
people with whom the ego has low relationship satisfaction tends to ‘backfire’, leading to the

increased risky health behaviors seen in this study (Tucker 2002).

4.5.3 Social Engagement

Social engagement is the second high social capital factor; it is characterized by regular
participation in community activities such as local meetings, volunteering, and attendance at
religious services. Higher social engagement scores predicts increases in physical activity (both
binary and scale measures), vitamin use, and decreased odds of smoking in later waves. In the
reverse direction, both physical activity (scale measure) and smoking hold their relationship.
Physical activity (scale) leads to increased social engagement scores while smoking leads to
decreased social engagement scores. Vitamin use does not have a significant effect on social
engagement scores in later waves. Binge drinking does gain a significant effect here; binge
drinking predicts decreased social engagement scores in later waves. This suggests that, while
physical activity and smoking maintain a bidirectional relationship with social engagement,
vitamins and binge drinking both hold a relationship in only one direction.

While both network extensivity and social engagement lead to increased physical
activity, the effect size is larger for social engagement, and only social engagement leads to an
increase in odds of taking vitamins. This could be a result of the differing types of social capital
the factors present- the main driver of social capital in network extensivity is the increased
network size, which provides more potential resources from one’s network. Social engagement on
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the other hand presents social capital through participating in external activities; engaging with
the community (possibly resulting in increased belongingness), and the weak ties that result from
this engagement provide multiple pathways for increased social capital. Engaging with the
community exposes one to norms outside of your own network; additionally, the access to weak
ties increases the diversity of information and resources one receives from their network. It is also
possible, given the positive correlation between social engagement and network extensivity, that
social engagement is driving the effect here, particularly as network extensivity does have a
significant effect in the unadjusted models (before social engagement is added as a control).

Both vitamin use and binge drinking do not have reciprocal relationships with social
engagement. While binge drinking predicts lower social engagement scores in later waves, this is
not true in the reverse direction. This suggests that binge drinking creates barriers to participating
in community events. Barriers could include the stigma of binge drinking among older adults, a
re-prioritization of activities (e.g. preferring to go to events with alcohol; most community events
captured by the social engagement factor would not allow alcohol), or potential health outcomes
of binge drinking that are not captured by the ADL measure that limit the ability to physical
participate in these activities. As social engagement is related to the most positive health
behavioral outcomes, the reduction in social engagement score as a result of binge drinking could
have negative effects on related health behaviors such as physical activity.

Similarly, vitamin use does not predict future social engagement score. This suggests
that, as a result of vitamin use being a largely private health behavior, it does not have a
significant effect on social engagement in the same way that physical activity and smoking do.
While vitamin use does increase cognitive functioning in older adults, this may not be a
significant enough effect to create a pathway to increased social engagement. Smoking and

physical activity on the other hand are largely public behaviors that have a social component,
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enabling more reinforcement from one’s network and sustained social ties (or lack thereof) from

the behavior.

4.5.4 Theoretical Contributions

These findings reflect results from earlier work on social capital and control’s effects on
health behaviors in older adults, but extend them through the methodological approach. Social
capital and health behaviors hold a positive association as confirmed with earlier work (Berkman
et. al 2000; Umberson et al. 2010). However, the use of exploratory factor analysis and auto-
regressive cross-lagged panel models adds extra methodological rigor to testing these
relationships. Earlier work largely either used cross-sectional methods, or used class/typology to
sort people into distinct buckets of network structure.

Network typologies, such as the one used in Piedra & Iveniuk (2025), identified network
types that were classified by social capital. They argued that high social capital network types had
better health outcomes than those in low social capital network types. Similarly, Shiovitz-Ezra &
Litwin (2012) found that their network types with higher social capital were more likely to
participate in preventive health behaviors such as physical activity. The findings from this chapter
largely agree with them; network extensivity and social engagement (higher social capital
network factors) both predict increased physical activity at later time points, while family ties
(lower social capital) predict increased smoking at later waves. However, by using exploratory
factor analysis, it enables us to measure multiple aspects of network structure at once. For
example, someone could have high social engagement, but also high family ties; this model
addresses this possibility, while class or typology-based studies force participants into a specific
category, effectively dampening the possibility for independent effects.

The longitudinal design and cross-lagged approach also enables us to control for more
confounding variables and determine temporal order. Cross-sectional studies done on this topic,
while useful for examining associations between networks and health behaviors, cannot
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determine a causal direction. By using auto-regressive cross-lagged panel models, I am able to
strengthen the case for a causal interpretation of these findings.

The findings themselves contribute to our understanding of social networks and health
behaviors in older adults. By splitting the dimensions of social capital up, I can determine which
aspects of social capital (and the network structure that determines it) are most effective at
promoting preventive health behaviors and reducing risky ones among this population. While
having a large network is often touted as one of the best determinants of health in later life, social
engagement outperforms network complexity on all fronts. Additionally, while socioemotional
selectivity theory posits that we will shrink our networks and focus on close ties as we age to
increase emotional meaning, these findings suggest that this strategy may backfire and lead to an
increase in risky health behaviors such as smoking. Additionally, the finding that multiple health
behaviors and network factors hold a bidirectional relationship suggests that health behaviors and
network characteristics build on each other. Common identification strategies require assessing
the effects of one net of the other, but these models suggest that future work should examine a
positive feedback process involvement where positive network and health behaviors are jointly
linked. When considering networks and health, both causal directions must be considered to

properly understand the relationship.

4.6 Conclusion

This study showed that higher social capital networks — those either rich in social
engagement or reaching a large number of people— lead to increased participation in preventive
health behaviors and decreased participation in risky health behaviors in later time periods
compared to their peers. This suggests that older adults who are actively engaged in social
activities or actively socializing with multiple people outside their family are more likely to care

for their health and engage in health-promoting behavior.
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These findings align with multiple theoretical perspectives on aging discussed earlier.
The convoy model (Antonucci et. al 2014) emphasizes that the structure and quality (not just size)
of one’s relationships over the life course has effects on health. The findings support this theory,
as the composition of one’s network held a strong effect on health behaviors. While network
complexity (large networks) predicts increased physical activity, social engagement has an even
larger effect size and also influences other health behaviors such as vitamin use and smoking. An
interacting theoretical perspective, socioemotional selectivity theory (Carstensen 2021),
emphasizes that older adults will shrink their networks and focus on close ties (often family) to
promote emotional meaning in later life. However, I find that family ties lead to increased
smoking behaviors at later time points; this suggests that in the effort to promote emotional
meaning, one may inadvertently place themselves at risk of developing health-harming behaviors.

The findings also show that the reverse causal direction holds true- increased preventive
health behaviors and decreased risky health behaviors lead to an increased likelihood of high
social capital network membership. Family ties (lower social capital) hold no effect on preventive
health behaviors, but have a strong positive relationship with smoking. This factor closely reflects
how socioemotional selectivity theory suggests networks are shaped as a result of nearing
“endings” such as old age or illness. While closeness increases, this network’s lack of resources
leads to an increased dependence on unhealthy coping mechanisms such as smoking.

This raises an important implication for research on health behaviors in older adults; as
older adults shrink their networks, the resulting kin-focused networks may not provide the needed
social capital to buffer the effects of stress, leading to higher odds of smoking. This could imply
that smoking-related health interventions need to direct extra resources towards older adults in
networks with largely family ties. However, since this work was done using factor analysis, it
does not imply that family ties are always harmful. Family ties alone, without additional social

engagement or network extensivity, may be insufficient when preventing risky health behaviors.
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Network interventions could focus on the addition of social capital through increased social
engagement to negate the relationship between family ties and smoking habits, as social
engagement was shown to decrease smoking behaviors in this sample. Additionally, this shows
that interventions that target either health behaviors or social engagement could create positive
feedback loops. For example, an intervention that aims to increase social engagement in older
adults should result in increased physical activity, which should then lead to increased social
engagement, creating a positive feedback loop.

Future research should build upon the limitations in this study. As of now, the adjusted
survey weights for wave 3 of NSHAP have not yet been released- while all of the sampling
criteria are included in the models, the adjusted survey weights also account for non-response and
survivorship bias. It is possible that the results may be reflecting this survivorship bias,
particularly as some of the health behaviors predicted in the models are highly correlated with
mortality rates. When those weights are released, analysis will be re-done to ensure accuracy.
Secondarily, these health behaviors relied on self-report measures, which may not be accurate
particularly among adults with cognitive impairment or dementia (Huisingh-Scheetz et. al 2014).
As Huisingh-Scheetz et. al (2014) notes, NSHAP does exclude people with a history of dementia
from sampling- however, undiagnosed (largely mild/early stages) cognitive impairment would
not have been excluded, and analyses have found that there is considerable variability among
cognitive functioning in this sample. While they do have a few objective measurements through
accelerometry (sleep and physical activity data), this was only collected for a small number of
participants, and often they did not participate in it every wave, leading to a lack of longitudinal
panel data for these measures. Future research should attempt replication with alternate studies
that have repeated objective measurements widely available.

This study builds upon prior research in aging and health behaviors, specifically by

demonstrating that social capital and health behaviors hold a significant, bidirectional
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relationship. It has repeatedly been hypothesized that high social capital networks lead to positive
health behaviors; however, among this age group this had yet to be tested longitudinally taking
into account a potential reversed causal effect. Future research can replicate this in other studies
of older adults to ensure accuracy given the multiple methods of determining social capital and
control, and can use longitudinal/repeated objective measurements as opposed to self-report to

remove the potential bias of cognitive impairment on self-report measures.
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5. Conclusion

This dissertation examines mechanisms relating peer influence and health behavior over
the life course. Using Umberson et. al (2010)’s framework of network mechanisms on health
behaviors (norms, tie content, and social control) and integrating socioemotional selectivity
theory with social capital perspectives, this dissertation proposes that the most effective network
influence mechanism shifts with the changing function of networks across the life course. When
networks are oriented toward exploration and identity formation (young adulthood), norms and
the competing demands of social connections are the dominant mechanisms. When networks are
oriented toward emotional closeness and support (older adulthood), social capital and social
control become the primary mechanisms. For interventions on health behaviors to ultimately be
effective, it is crucial to ensure that the peer influence mechanisms and social embeddedness are
properly understood for the populations they are designed to affect.

In Chapter 2, I examine the role of norms through peer influence among college students.
Prior work was either cross-sectional or excluded crucial confounding variables for this age
group- namely, schedules (e.g. course and extracurricular activity timing) and homophily. This
chapter finds that norms and peer influence hold a strong, consistent effect among college
students on sleep duration and timing, even when controlling for schedule constraints and overall
peer similarity in sleep behaviors. The effect is strongest for bedtime, where social activity and
sleep most directly compete, and weakest for waketime, which is more institutionally determined
by course schedules and sports practice. This suggests that sleep timing and duration are socially
conditioned by peers in young adulthood, and that peer-led interventions for sleep behaviors
(particularly focused on norms around bedtime) could be effective in this population.

The purpose of Chapter 3 is to examine how the strategy for selecting “change agents” in
peer intervention studies could be improved. I argue that, while these change agents are chosen as

a result of their influence on a network, their network position comes with social demands that
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may displace sleep. Selecting a change agent who is positioned to have poorer sleep behaviors as
a result of the stress or overall high social demands from their role in a network could lead to
poorer intervention results. This chapter identifies a critical distinction between the volume and
complexity of social demands. College students with high betweenness centrality, characterized
by the increased complexity of the social demands made by the multiple groups they connect,
have significantly worse sleep duration than their peers. On the other hand, college students with
high degree, characterized by increased social activity volume, have significantly earlier bedtimes
and waketimes than their peers. Students with high eigenvector centrality (embeddedness in a
network) have positive or negative effects on duration and bedtime dependent on their sex.
Women with high eigenvector centrality have more regular sleep and earlier bedtimes, while men
have irregular sleep and later bedtimes. This reflects the social paradox of social connectivity and
sleep among college students; the social connections that provide belonging and support are
maintained through socializing that often directly completes with sleep for time. This trade-off
can resolve positively or negatively depending not only on one’s structural position, but how they
experience the position. The sex differences here may be reflecting the effect of the latter; men
and women in this population may manage their position’s social demands differently, or identify
more or less positively with their groups overall. I argue that, while change agents with high
betweenness have the capability to spread the intervention materials to numerous subgroups
within a network, they may be less successful if the change agent is not able to implement the
positive change on their own behaviors.

The purpose of Chapter 4 is to examine how social capital and control affect health
behaviors in older adults, given the changing nature and purpose of their networks as they age.
Some studies have focused on social capital or social control’s effects on health behaviors among
this age group, but largely are cross-sectional and do not consider the potential for reverse

causality (health behaviors leading to participation in higher social capital networks). While peer-
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led intervention studies are less common in this age group, it is still important to understand if the
mechanisms’ effect significantly differs across the life course. The study shows that both high
social capital network factors (social engagement and network extensivity) lead to increased
preventive health behaviors, and that social engagement leads to decreased smoking. The low
social capital network factor (family ties) has a positive relationship with smoking habits. These
relationships hold in the reverse direction. Additionally, binge drinking leads to a decreased
social engagement score at later times; this relationship does not hold in the opposite direction.
The results suggest that social capital maintains a strong effect on health behaviors in older
adults, and that social engagement in particular is a crucial component of maintaining high social
capital and positive health behaviors in older age. Additionally, for a majority of the health
behaviors, the reverse causal direction remains significant, suggesting that interventions for either
health behaviors or networks could have positive effects on the other.

Crucially for this dissertation, college occupies a distinctive position in the life course
that makes it both uniquely important on the relationship between networks and health. Students
experience massive social network turnover when they arrive on campus; they leave behind high
school friendships and build entirely new peer groups at the same time that they are leaving
behind their parents (who, through adolescence, hold the highest impact on health behaviors
through social control). The social environment is also relatively dense; students live, eat, attend
classes, and socialize together, creating high-frequency peer contact that is rarely replicated at
other life stages. Finally, sleep is particularly observable and socially embedded in this context:
roommates share sleeping spaces, residence hall noise levels signal when the social night is over
(and make it more difficult to sleep even for those who do not engage in the socializing), and
overall the choice of when to go to bed is more a collective decision as opposed to individual.
This density creates the conditions for strong peer influence on sleep (Chapter 2), but also

increases the impacts of the competing demands framework when maintaining a high-impact

108



network position (Chapter 3). A college student who bridges between the debate team, a study
group, and a fraternity faces scheduling conflicts that are less likely to arise in adult social
contexts as social groups tend to be more separated in both the time that they meet (e.g. lunch
work friends versus a church choir rehearsal rarely have overlapping schedules) and the physical
space (whereas college students largely meet with different groups all on campus). Due to this
physical proximity, students at the core of large, active friend groups face expectations of
availability that are not as present among adult friend groups.

The trade-off between social connection and sleep in college is especially consequential
because it occurs during a developmental period when health behaviors are being established for
later life. The sleep norms that peer groups group, the habits that network positions reinforce, and
the patterns of trading sleep for social participation may all persist beyond college. A student who
spends all of college going to bed after midnight because that is when their friend group stops
socializing may internalize that bedtime as normal and carry it forward into their post-college life.
Similarly, the irregular sleep patterns that come with prominent network positions such as
bridging may establish a tolerance for inconsistency that undermines sleep regularity habits that
were built up in adolescence. However, the social connections built during college still come with
genuine health benefits, even beyond sleep. The mental health advantages of belonging, reduced
loneliness from active social engagement, and positive identity formation that occurs through
peer interaction have positive impacts on health throughout the life course (Howell et. al 2014;
Liu et. al 2019). Peer-led interventions that improve sleep at the cost of social connection would
undermine the benefits that come from social connection; in order to improve these interventions,
researchers must look for ways to preserve the health benefits of social engagement while
mitigating the sleep costs. Additionally, in order for peer-led interventions related to education on

sleep hygiene to be successful, they should target peers in high-influence positions that are not
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burdened by the social connection and sleep paradox (e.g. high degree students, not high
betweenness).

The findings of this dissertation will be useful for future research on peer influence and
health behaviors across the life course. Again, while peer intervention studies are less common
among older adults, it is still important to understand if and how the mechanisms of peer
influence change over the life course. For example, socioemotional selectivity theory explains
that as any “endings” approach, networks tend to change their purpose to emotional meaning over
exploration- this does not only apply to old age, but to other “endings” (e.g. moving away or
developing a serious illness) as well. Understanding if and how the mechanism of peer influence
changes as a result of this shift not only better informs peer-led interventions in older adults, but
in other situations where socioemotional selectivity theory applies.

Young adults’ networks are aimed towards exploration under this theory, and this is
reflected in the chapters. College students are actively creating a new social group after leaving
high school, and the norms of these new peer groups directly influence their sleep behaviors
(Chapter 2). However, the demands of occupying a strategic network position (eigenvector,
degree, and betweenness centrality) may negatively affect sleep through a packed social schedule,
time displacement, schedule fragmentation, role overload, and stress from navigating norms of
multiple social groups (Chapter 3). While older adults’ networks shift to focus on emotional
meaning, the convoy model posits that the structure and quality of these relations matter more
than the size. [ argue that this shift results in social capital and control having larger effects on
health behaviors than norms, as was the case in younger adulthood. Social capital and control,
measured through network structure, predict both preventive and risky health behaviors among
older adults (Chapter 4). The type of social capital matters; community engagement is the most
consistently positive (increased preventive health behaviors and reduced risky health behaviors),

while dense kin-focused networks are associated with increased smoking. These relationships are
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largely bidirectional, which suggests that health behaviors and network characteristics form a
system in which each reinforces the other.

Despite research showing that networks shape health behaviors across the life course, and
that social network’s functions shift across the life course, there is little empirical evidence that
can be used to directly compare how networks affect health behaviors differently across the life
course as the networks’ function shifts. Studying how specific mechanisms shift effectiveness
across the life course requires longitudinal data that follows the same individuals through
multiple life stages with repeated measures of both network characteristics and health behaviors
at each stage. At the moment, this data does not exist; existing network and health datasets only
capture one or two life stages at most. As a result, the life course theory I propose is based on
cross-study comparison rather than within-person longitudinal evidence. This could reflect cohort
effects, period effects, of differences in study design rather than true life course shifts in
mechanism effectiveness. While the theoretical framework provides strong reasons to expect
these shifts, we cannot rule out the potential alternate hypotheses without proper longitudinal data
across the life course. Future work should prioritize the development of longitudinal datasets that
track both network characteristics and health behaviors across multiple life stages.

Future research should examine the same mechanisms over time, including adolescence
and middle age, as those are not directly addressed in this dissertation. Umberson et. al (2010)
argues that adolescence is largely impacted by direct social control by parents and norms by their
peers, while middle age is largely impacted by social control through their spouse (though this
effect often varies by gender). While this dissertation does not directly compare the strengths of
each mechanism across the life course, that would be another area to expand upon. Additionally,
while there were multiple theories for the sex differences in the effect of eigenvector centrality on
sleep in Chapter 3, qualitative work to discover the underlying cause would be beneficial for

understanding the interaction. The bidirectional findings in Chapter 4 suggest that interventions
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could target either side of the health-network relationship to create positive feedback loops.
Experimental or quasi-experimental studies that randomly assign older adults to social
engagement programs and track following health behavior changes could provide stronger causal
evidence than the observational models used in Chapter 4. Similarly, the finding that binge
drinking leads to reduced social engagement suggests that alcohol interventions for older adults
should explicitly address the social consequences of binge drinking. Finally, further work could
also examine whether the same mechanisms shifts operate for other health-related behaviors, such
as diet, medication adherence, or sexual health behaviors. If the findings are applicable across a
broad range of behaviors, it would strengthen the theory of social influence differing across the
life course.

This dissertation shows that social networks are active forces that shape, constrain, and
enable the health choices that people make throughout their lives. Social networks operate
through different mechanisms depending on where individuals are in the life course. While
college students (whose networks are focused on exploration) are largely affected by norms and
competing demands, older adults (whose networks are focused on emotional meaning) are
affected through social capital. By identifying how the mechanisms of social influence shift
across the life course, this dissertation contributes to a more nuanced understanding of network
effects on health behaviors. Whether it is focused on the most effective mechanism or best
strategy to select a “change agent”, further research into peer influence on health behaviors across

the life course can better inform peer-intervention studies across age groups.
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Appendix A: Chapter 2

Predicted Bedtime (minutes since noon)
Based on Within-Person Alters' Bedtime & Living with Roommates
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Figure 10: Interaction of Peer Effect on Bedtime and Living with Roommates
(Appendix A)
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Predicted Bedtime (minutes since noon)
Based on Within-Person Alters' Bedtime & Academic Year
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Figure 11: Interaction of Peer Effect on Bedtime and Academic Year (Appendix A)
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Predicted Bedtime (minutes)

Predicted Bedtime (minutes since noon)
Based on Within-Person Alters' Bedtime & Race
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Figure 12: Interaction of Peer Effect on Bedtime and Race (Appendix A)
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Predicted Sleep Duration Variation

n
o
o

fo)
o

o
o

Predicted Sleep Variation (minutes)

-2 0 2 4
Alters' Sleep Variation (Within-Person, z-score)

Based on Within-Person Alters' Sleep Variation and Race

Race

African Amer
Asian

More than one
Other

White

Figure 13: Interaction of Peer Effect on Sleep Duration Variance and Race (Appendix

A)
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Predicted Sleep Duration Variation
Based on Within-Person Alters' Sleep Variation and Academic year
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Figure 14: Interaction of Peer Effect on Sleep Duration Variance and Academic Year
(Appendix A)
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Predicted Sleep Duration Variation
Based on Within-Person Alters' Sleep Variation and Living in a dorm
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Figure 15: Interaction of Peer Effect on Sleep Duration Variance and Living in a Dorm
(Appendix A)
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Predicted Bedtime Variance (minutes)
Based on Within-Person Alters' Bedtime Variance & Academic year
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Figure 16: Interaction of Peer Effect on Bedtime Variance and Academic Year
(Appendix A)
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Appendix B: Chapter 3

Table 11: Sleep Metrics Association Table (Appendix B)

Sleep Duration SRI Bedtime Waketime

Eigenvector Centrality (log, -0.91 -0.15 -0.84 -1.38
Z-Score)

Eigenvector Centrality -4.16 -1.10 -2.81 -4.37
(residualized)

Betweenness (z-score) -6.89* -0.90 -1.60 -7.55+
Betweenness (residualized) -6.80* -1.38* 0.60 -4.5
Degree (z-score) -1.36 0.52 -6.09 -8.52+
Degree (residualized) 3.73 0.03 -11.39%* -8.16+
Number of texts and calls -0.002 0.001 -0.003 -0.01
Sex (Female) 4.13 0.33 -11.12 -8.80
Academic Year -1.42 -0.67 0.04 0.46
Has Roommates 15.84%% 1.01 -2.08 11.52
Lives in a dorm -2.47 -1.59 1.97 0.05

+=p<0.10, * = p<0.05, ** = p < 0.01, ** = p < 0.001
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Appendix C: Chapter 4

Table 12: Factor Distribution and Reliability Measures (Appendix C)

Network Complexity Family Ties Social Engagement
Wave 1 Wave 2 Wave 3 Wave 1 Wave 2 Wave 3 Wave 1 Wave 2 Wave 3

Minimum -1.94 -1.94 -1.96 -2.95 -2.77 -2.99 -0.94 -0.97 -0.95
Maximum 1.54 1.67 1.64 1.59 1.51 1.52 1.92 1.90 1.94
Mean 0 0.22 0.24 0 -0.13 -0.23 0 0.01 -0.01
Standard Deviation 0.89 0.84 0.85 0.82 0.84 0.87 0.81 0.80 0.81
McDonald’s Omega 0.72 0.68 0.69 0.55 0.58 0.58 0.61 0.62 0.63
Cronbach’s Alpha 0.71 0.66 0.67 0.50 0.50 0.51 0.60 0.60 0.62
R2 0.67 - - 0.57 - - 0.62 - -

Note: McDonald’s Omega and Cronbach’s Alpha for Family Ties exclude the contact frequency loading- since this variable cross-loaded on both
= network complexity and family ties, it reduced the omega and alpha values to unacceptable levels. However, the reported R2 value includes the

contact frequency loading and has an acceptable level of fit.
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Network Extensivity Family Ties

Corr: -0.558***
Wave 1:-0.583***
Wave 2: -0.532***
Wave 3:-0.543***

Social Engagement

Corr: 0.283***
Wave 1: 0.312***
Wave 2: 0.259***
Wave 3: 0.282***

Corr: -0.234***
Wave 1:-0.245***
Wave 2: -0.211***
Wave 3: -0.251***

Figure 17: Factor Distribution and Scatterplots across Waves (Appendix C)
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Table 13: SEM Auto-regressive Cross-lagged Panel Models (Appendix C)

Network Factor

Health Behaviors

Networks -> Health
Behaviors Coefficient

Health Behaviors ->
Networks Coefficient

CFI RMSEA SRMR

Network Extensivity
Family Ties

Social Engagement
Network Extensivity
Family Ties

Social Engagement
Network Extensivity
Family Ties

Social Engagement
Network Extensivity
Family Ties

Social Engagement

Network Extensivity
Family Ties

Social Engagement
Network Extensivity
Family Ties

Social Engagement

Physical Activity (any)
Physical Activity (any)
Physical Activity (any)
Physical Activity (scale)
Physical Activity (scale)
Physical Activity (scale)
Takes Vitamins

Takes Vitamins

Takes Vitamins
Smoking

Smoking

Smoking

Drinking
Drinking
Drinking
Binge Drinking
Binge Drinking
Binge Drinking

0.02* (0.01) [0.01, 0.04]
0.001 (0.01) [-0.02, 0.03]
0.02* (0.01) [0.01, 0.04]
0.05 (0.04) [-0.03, 0.13]
0.02 (0.04) [-0.06, 0.10]
0.13%** (0.04) [0.05, 0.21]
0.03* (0.02) [0.01, 0.06]
-0.01 (0.01) [-0.03, 0.02]
0.02+ (0.01) [-0.03, 0.02]
0.01 (0.01) [-0.01, 0.02]
0.01 (0.01) [-0.002, 0.02]
-0.02%** (0.004) [-0.02,
-0.01
-0.01, 0.03

]

0.01 (0.01) ]
-0.03, 0.02]
]

]

-0.003 (0.01)
-0.01 (0.01) [-0.02, 0.01
-0.002 (0.01) [-0.02, 0.01
0.001 (0.01) [-0.01, 0.01]
-0.01%* (0.01) [-0.02, -
0.0002]

—

0.07 (0.04) [-0.02, 0.16
-0.01 (0.04) [-0.09, 0.07
0.003 (0.03) [-0.06, 0.07
0.01 (0.01) [-0.01, 0.03
-0.01 (0.01) [-0.02, 0.01
0.02* (0.01) [0.002, 0.04
-0.01 (0.02) [-0.05, 0.03
-0.04 (0.03) [-0.09, 0.01
0.04+ (0.02) [-0.01, 0.08
-0.02 (0.04) [-0.11, 0.06
0.05 (0.03) [-0.02, 0.12

-0.12%%* (0.03) [-0.18, -0.06

[_
[_
[_
[_

—_ e e e e e e e e e e

0.04 (0.03) [-0.02, 0.10
-0.05+ (0.03) [-0.10, 0.01
-0.03 (0.02) [-0.08, 0.01
-0.02 (0.03) [-0.09, 0.04
-0.04 (0.03) [-0.10, 0.02

]
]
]
]
]
-0.12%%* (0.03) [-0.19, -0.06]

0.71 0.09 0.06
0.70 0.12 0.09
0.81 0.09 0.07
0.73 0.10 0.07
0.72 0.12 0.09
0.82 0.10 0.08
0.88 0.05 0.03
0.80 0.09 0.06
0.93 0.05 0.03
0.93 0.07 0.03
0.88 0.11 0.07
0.94 0.08 0.03
0.92 0.07 0.05
0.87 0.11 0.08
0.93 0.08 0.05
0.88 0.07 0.04
0.82 0.11 0.07
0.91 0.07 0.04

Note: Results are reported as estimate (SD) [95% CI]. MLR was used as model estimator; as a result, RMSEA + SRMR reported measures are
robust. Control factors (e.g. if independent or outcome variable is Network Extensivity, the control factors are Family Ties and Social
Engagement) were residualized off of main (independent/outcome) factor variable for model fit. Physical activity (any) results should be
disregarded since model fit is so poor (likely a result of low variability/change from wave-to-wave); physical activity (scale) similarly performs
relatively poorly in terms of model fit.
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