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Abstract 

From Epidemiology to Decision Making:  
A Systems Science Approach to Evaluate Effectiveness of Complex Behavioral 

Interventions 

By Yuefan Shao  

Modifiable health behaviors are key to cardiometabolic disease prevention. A significant number 
of behavioral interventions have been proposed for healthy behavior promotion. However, 
identifying the most effective type of behavioral intervention for a given population remains 
challenging due to two main reasons. First, there is a lack of data for behavioral intervention 
effectiveness evaluation. Second, effectiveness of complex behavior intervention is dependent 
on multi-level factors, which poses challenges in intervention outcome evaluation. To address 
these challenges, this dissertation first empirically identified contributing factors associated with 
patterns of cigarette smoking and physical activity throughout the life-course. In addition, a 
complex systems modeling approach was used to evaluate effectiveness of different types of 
behavioral intervention, given target population network characteristics and individual behavior 
incentive.  

Aim 1 characterized trajectories of physical activity and cigarette smoking from early 
adolescence to adulthood. Using latent class growth mixture model, results showed that there 
are three sub-groups of individuals sharing similar patterns of physical activity and past 30-day 
cigarette smoking behavior from early adolescence to adulthood. Age, socio-demographic and 
early-life psychological factors are important predictors of trajectories for both behaviors.  

Aim 2 used social network analysis and regression methods to evaluate the association 
between social network characteristics and physical activity/cigarette smoking behaviors during 
adolescence and the adolescence to young adulthood transition. Results suggest that 
individuals’ health behaviors at younger age are the strongest predictors of health behaviors 
during young adulthood. In addition, an individual’s social position during adolescence is a 
predictor for physical activity level during young adulthood but not for cigarette smoking.  

Using computational models, Aim 3 showed that when taking into consideration diffusion of 
interventions within a network, a highly clustered network does not imply the necessity of 
network-based intervention. Paradoxically, for networks with longer average path length or 
unknown network structure, incentivizing individuals might be more effective than interventions 
on popular opinion leader.  

Collectively, findings highlighted that both social network and individual-level heterogeneity are 
key to shaping population level distributions of health behaviors. In addition, researchers need 
to embrace a systems science lens when evaluating complex behavioral intervention outcomes.  
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Chapter 1: Introduction 

Background and Literature Review 

Recent Advancement in Cardiovascular Disease Prevention and Modifiable Behavioral Risk 

Factors 

 The year 2020 marked the end of the 7-year global action plan on non-communicable 

disease prevention from the World Health Assembly(1,2) and the final year of the Healthy 

People 2020 initiative to promote nationwide health in the United States.(3) Over the past 

decade, significant progress has been achieved in cardiovascular disease (CVD) prevention 

and burden reduction. Based on the latest statistics, higher proportions of US population across 

all age groups are meeting the ideal levels for cardiovascular health indicators such as total 

cholesterol level, blood pressure and smoking.(4) However, heart disease remains the leading 

cause of death in the US, and disparities across different sociodemographic groups persist.(4) 

Moreover, CVD remains the single most costly disease. In 2016, CVD-related expenditure was 

around $550 billion in the US. If no significant improvements are made in CVD prevention, such 

expenditure is estimated to be around $1 trillion by the year 2035.(5)  

 Key modifiable behavioral risk factors including smoking and physical inactivity have 

long been identified as critical preventable components for cardiovascular health.(6) Over the 

last decade, with several policy-level interventions on tobacco use in place and increasing 

number of personalized commercial products for physical activity promotion, the prevalence of 

tobacco use and physical inactivity has declined drastically over the past decade. The 

prevalence of physical inactivity in the US dropped to 26%, which was below the targeted 32% 

for Healthy People 2020 initiative.(4) Nonetheless, substantial disparity persists in tobacco 

product use and physical inactivity, disproportionally affecting individuals identified as 

racial/ethnic minority, lesbian, gay, bisexual, transgender or from lower socioeconomic 

background.(4) In addition, with the emergence of electronic and flavored tobacco product, the 

prevalence of such new forms of tobacco product is on the rise, especially among adolescents 
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and young adults.(4) Collectively, evidence indicates a dire need for a continuous effort in CVD 

prevention and disparity reduction, especially through addressing burdens in tobacco use 

behavior and physical inactivity.   

 

Overview of Interventions for Physical Activity Promotion 

 During the early 2000s, as public health services expanded more in the realm of chronic 

disease management and behavioral intervention, physical activity promotion started to gain 

increasing amount of attention not only from medical professionals, but also from organizations 

in both the public and private sectors. Over the past two decades, two major transformations 

occurred in the field of physical activity promotion. 

 Firstly, prior to 2013, increasing amount of social and behavioral theories were 

incorporated into behavioral interventions. Major theories included the Transtheoretical 

Model(7), the Social Cognitive Theory(7), the Social Ecological Model(8), and the Social 

Marketing Theory(9). Based on the most prevalent theory to-date for behavioral intervention - 

the Social Ecological Model (SEM), actions can be taken on five different levels to initiate long-

term behavioral change: intrapersonal, interpersonal, community, institution and policy. These 

theories were well incorporated into a large amount of governmental or privately-funded 

community and group-based interventions that emerged during the early 2000s. By early 2000s, 

three major types of physical activity interventions were present: informational approaches, 

socio-behavioral approaches, and environmental/policy approaches.(10) Informational 

approaches aimed to promote physical activity through ensuring access to information among 

populations. Key informational approaches included: 1) point-of-decision prompts, which were 

signs next to places such as escalators to encourage individuals to be more active; 2) 

Community-wide or mass media campaigns through advertisement display, message delivery 

via newspapers or radios. Such approaches mainly targeted the intra-personal and community 

levels, based on the SEM.  The second type of intervention -- socio-behavioral approaches, 
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such as school/classroom-based physical education, family-based support interventions, and 

social support interventions -- aimed to facilitate individual physical activity promotion and 

behavioral change through peer pressure, peer support and social support. These approaches 

targeted mainly the inter-personal and community level of the SEM. Examples include the 

Stanford Five-City Project and the Pawtucket Heart Health Program.(11–15) One special type of 

social-behavioral interventions different from previously mentioned ones was individually-

adapted behavioral change programs. In such programs, tailored behavioral change activities 

such as set daily goals of physical activity level, behavioral reinforcement through self-reward or 

positive rewards were delivered either in a group setting or directly to individuals through 

phone/mail. Individually adapted behavioral change programs allowed for the integration of both 

intrapersonal and interpersonal perspectives of the SEM.(10) The last major behavioral 

intervention approach that emerged during the early 2000s was the environmental/policy 

approach. Such interventions included federal and local effort to promote physical activity and 

examples included enhancing neighborhood characteristics such as biking lane establishment, 

safety lighting in the neighborhood, etc.(10)  

 Starting 2005, the digital revolution reached a new stage and facilitated the second 

major transformation in physical activity promotion interventions.(16) During this period, 

increasing amount of individuals had access to smartphones and social media. Novel digital 

physical activity promotion methods including smartphone applications, wearable devices, video 

games and social media physical activity engagement started to replace the ones that used 

traditional routes such as physical signs, radio or advertisement display on billboards.(17) Two 

distinct new features that made physical activity promotion in the digital era drastically different 

from the traditional ones prior to early 2000s were: 1) increased incorporation of digital 

technology; 2) more tailored to the individual.(16) These digitalized physical activity 

interventions have been implemented in various settings ranging from individual homes to 

school, and to the entire social network platform.  Majority of these interventions utilized the 
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Social Cognitive Theory to facilitate individual physical activity promotion through establishing 

rewards and behavioral motivation via gamification and positive reinforcement. However, 

access to these interventions varied largely by individuals’ socio-economic background and 

adoption. Additionally, adherence to these programs relied more heavily upon individual’s 

incentives. Examples of these individual-based interventions included Fitbit, smartphone 

application linked to social network account for socially engaged physical activity (e.g. Keep), 

Ring Fit Adventure on Nintendo Switch and Physical Activity on Prescription.(18),(19)  

 

Overview of Interventions Targeting Tobacco Product Use 

Tobacco Control Efforts Targeting Conventional Tobacco Products  

 The potential hazard associated with tobacco product use was first identified in the early 

1950s. In 1954, Doll & Hill’s paper “The mortality of doctors and their smoking habits” marked 

the beginning of the battle for tobacco control in the United States.(20) In 1965, the first federal 

act requiring a warning label display on all cigarette packages was passed. Meanwhile, the 

federal excise tax on smokeless tobacco product was repealed. Fast forward, in the next three 

decades, major breakthroughs in federal and community-level tobacco control effort were 

achieved. By 1998, California had become the first state that passed a statewide smoke-free 

indoor air law and cigarette taxation had been enacted across all states in the United States. 

Starting early 2000s, increasing number of mass media educational campaigns were launched 

by the Center for Disease and Control and the Food and Drug Administration (FDA).(21) Till 

today, four main types of federal and state level tobacco control efforts targeting traditional 

tobacco products are in place: cigarette excise tax, statewide smoke-free indoor air law, 

required warning label display and mass media campaigns. These four types of federal and 

state level tobacco control actions can be further categorized into two types: 1) One type with 

institutionalized power that target individuals’ conventional tobacco product use through law 

enforcement (e.g. smoke-free indoor air law); 2) One type aiming to alter individuals’ incentive 
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through increasing perceived negative externality (e.g. increasing cigarette price through 

cigarette excise tax, establishing perceived negative consequences associated with tobacco 

product use through media campaign messages). Collective evidence suggests that excise 

taxes, mass reach anti-tobacco campaigns and smoke-free indoor air laws have been the most 

important contributors to the declining prevalence of tobacco product use in the past 

decade.(22,23) 

 In addition to the large-scale public health interventions targeting traditional tobacco 

product use listed above, individual and group-based interventions have also been critical for 

tobacco control, especially in recent years. Similar to interventions targeting other types of 

modifiable health behaviors, these interventions utilize socio-behavioral theories such as the 

Transtheoretical Model and the Social Cognitive Theory. Examples of these programs include: 

group-based smoking cessation programs, individual-based counseling, text-based messaging, 

and social media based social groups for smoking cessation.(23) These interventions mainly 

aim to alter individual’s behavior incentives, either through social support, peer pressure, or 

through altering perception regarding utility of tobacco product use. Sometimes these 

interventions are combined with pharmacological intervention such as medication prescription, 

given the addictive nature of nicotinic products.(22–24) 

 

Tobacco Control Effort Targeting Electronic Cigarettes 

 In 2003, the first electronic cigarette (e-cigarette) was produced, and was later 

introduced to the U.S marketplace in 2007. Emergence of e-cigarette as a disruptive technology 

changed the landscape of tobacco use behavior as well as tobacco control. Initially, e-cigarettes 

were marketed as “less-harmful substitute” for traditional cigarettes.(25) However, increasing 

amount of evidence started to suggest that e-cigarettes, sometimes also known as vapes, or 

electronic nicotine delivery system (ENDS), were harmful, especially for youth, young adults and 

pregnant women.(25,26),(27) To-date, e-cigarettes have become increasingly popular and 
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slowly started to replace the traditional tobacco products, especially among younger adults, 

despite the tremendous amount of health hazards associated with them. Studies have shown 

that different from conventional cigarettes, e-cigarettes have branded themselves successfully 

as “modern”, “cool” for younger audiences through marketing strategies, such as celebrity 

marketing, associating the product with social status.(27),(28) Evidence suggested that 

exposure to e-cigarette product marketing content was associated with higher rate of e-cigarette 

initiation among younger adults and e-cigarette was associated with more positive perceived 

norm as compared to conventional tobacco products.(29), (30) Moreover, many e-cigarette 

products came with kid-friendly flavors and allowed for use with other substances including 

cannabis to make them more appealing to young adults. As a result, by 2018, about one in 

every five high school students and one in twenty middle school students were e-cigarette 

users. (25,26) 

 The tremendous success of marketing and sales of e-cigarettes especially among 

younger adults suggest that designs of interventions targeting e-cigarettes need to be able to 

address the unique features of e-cigarettes that make them particularly attractive to younger 

populations. Therefore, to address the epidemic of e-cigarette use two major types of 

interventions are currently in place: federal tobacco product marketplace regulations(31) and 

individual/group-based interventions.(22,23) Through the Family Smoking Prevention and 

Tobacco Control Act signed in 2009(31) (the Tobacco Control Act), FDA has been authorized to 

regulate marketplace e-cigarettes through regulating e-cigarettes’ manufacturing, premarket 

review, marketing (e.g. packaging and advertising), and distribution. These federal actions can 

facilitate modifications of individual’s e-cigarette use behavior through limiting individuals’ 

access to e-cigarettes or altering individuals’ perceived utility to initiate e-cigarettes through 

information displayed on product packaging or advertisements. In addition to federal level efforts 

that restrict e-cigarette access, limited number of individual and group-based interventions are 

also available to assist with e-cigarette use control. However, different from those targeting 
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conventional tobacco products, the target population of these interventions are mostly 

adolescents and young adults. Examples of these programs include the smartphone application 

for youth vaping cessation 2Morrow Health, the Not-On-Tobacco initiative and the INDEPTH 

program by the American Lung Association, as well as Get Your Head Out of the Cloud 

campaign.(32,33) Similar to conventional individual/group-based tobacco control programs, 

these programs offer individual/group-based counselling sessions that facilitate behavioral 

change through established peer support, psychological counseling to alter individual perceived 

utility associated with e-cigarette use and positive rewards-based learning.  

 

Intervention Effectiveness for Physical Activity Promotion and Tobacco Cessation  

 To sum up, there are four major domains of interventions targeting physical activity and 

tobacco use behavior: policy initiatives, community-based programs, informational approaches, 

and individual-based interventions.(34) Policy initiatives are enforced upon a designated 

population, hence the entire targeted population have access to the “intervention” and will 

adhere to it subsequently. Examples include smoke-free indoor air laws, cigarette excise taxes, 

and complete tobacco cessation policies such as health insurance coverage of cessation 

program.(35),(36) Such interventions have been estimated to be most effective due to their 

institutional power.(37), (38) However, feasibility and implementation of policies remain a 

challenge, especially when given time and resource constraints. Unlike policy initiatives, the 

other three domains lack the institutional power and therefore, cannot guarantee intervention 

uptake. Community/group-based programs such as school/classroom based physical activity 

promotion and group-based tobacco cessation programs utilize capacity building within a 

targeted population and foster individual behavioral change through reinforcement learning, 

peer support, and social norm establishment.(39),(40) However, the effect of the interventions 

did not manifest until years after the initial introduction and adherence remained the key 

challenge for behavioral change in the long term.(11),(41), (42) Informational approaches 
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including mass media campaigns and text messaging interventions have been shown effective 

in promoting more physical activity and smoking cessation in some cases, but findings 

regarding the effectiveness of these campaigns were quite mixed across heterogeneous 

campaign design and study populations.(43–45) Lastly, with the rapid expansion of the global 

mobile health (mHealth) market and increasing awareness of healthy lifestyles, individual-based 

programs including physical activity on prescription and mHealth applications to promote health-

benefiting behaviors are becoming increasingly prevalent in the population. Nonetheless, 

findings on the effectiveness of these interventions are still inconsistent.(46–48) Moreover, as 

previously mentioned, selective access to these interventions and adherence remain a main 

obstacle to reduce burden of health-damaging behavior at the population level, especially 

among the socially disadvantaged.(49–51) 

 Existing evidence has several important implications. First, four major types of 

behavioral interventions incorporated different aspects of the Social Ecological Model and some 

target at two or more levels simultaneously. Second, there is a lack of consensus on existing 

intervention effectiveness targeting modifiable behavioral risk factors. Third, given the 

complexity of existing intervention designs and population characteristics, a comprehensive 

intervention effectiveness evaluation framework is needed.  

 

Using a Systems Science Approach to Evaluate Behavioral Intervention Effectiveness 

 An intervention targeting modifiable behavioral risk factors can be considered effective if 

it is able to address the following aspects: whether it will reach the targeted population as 

desired; and, once accessed, whether initiated behavioral change will be sustained to ensure 

long-term effectiveness. Two important, but often overlooked factors that affect both aspects of 

intervention effectiveness are social network and individual behavioral choices. Extensive 

studies and theories suggest that individual health behaviors are correlated within a social 

network.(52–54) Such association might be explained through mechanisms such as homophily, 
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perceived social norms and peer pressure.(55),(56),(57) Social network structural characteristics 

including network density, clustering, average path length and cohesion play a significant role in 

shaping the mechanisms mentioned above as well as facilitating intervention diffusion.(58) 

 However, utilizing social network alone might not be sufficient for a behavioral 

intervention to be effective. Individual behavioral choices need to be taken into consideration 

simultaneously. Unlike transmission patterns of communicable diseases on a social network, 

individual health behaviors might not be changed immediately or ever after exposure to an 

intervention or a network connection’s health behavior.(59),(60) In addition, game theoretical 

models have shown that highly connected network structures can impede the diffusion of 

behaviors.(61),(62) These aspects are especially crucial to interventions given the presence of 

CVD disparities in the population. Residential segregation and clustering is associated with 

higher prevalence of CVD.(63),(64) As a result, target populations of community-based 

behavioral interventions to address CVD disparities often reside in areas of high prevalence of 

CVD with highly clustered network structure. Under such circumstances, certain network-based 

intervention designs might not be as effective for this particular target population due to 

hindered intervention diffusion and high payoff for new behavior adoption, given high levels of 

social inertia in a segregated community.(65) To conclude, social network and individual 

behavioral choices need to be taken into consideration simultaneously when selecting the 

intervention target population and determining whether an intervention would be effective in the 

long term.(66),(67) 

 Nevertheless, a comprehensive evaluation of intervention effectiveness incorporating 

both aspects can be challenging using traditional statistical methods. In addition, the dynamic 

interplay between information diffusion and individual behavioral choices within a network can 

lead to emergence of unforeseen patterns of collective behavior,(68) which is important to 

consider when assessing the optimal population-level impact of an intervention under limited 

resources. Therefore, a systems science approach is needed to evaluate intervention 
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effectiveness on behavioral risk factors, taking into consideration the nonlinear dynamic 

interactions of inter-dependent factors and emerging collective behavioral patterns on a social 

network.  

 A systems science approach allows for an exploration of dynamic interactions among 

multilevel interdependent micro-level factors that collectively affect the intervention effectiveness 

on the population scale.(69),(70),(71) One systems modeling approach—agent-based modeling 

(ABM) —allows for an investigation of the population level impact of an intervention in the 

presence of nonlinear dynamic interactions of multi-level interdependent factors and 

heterogeneous individuals’ behaviors on a social network. It has been used extensively to 

understand policy implications, social/economic theories and collective behaviors.(70),(72),(73)  

Different from other equation-based dynamic models such as compartmental model and Markov 

model, the bottom-up model building process of ABM allows for relaxation in unrealistic 

assumptions such as population and decision-making process homogeneity.(74) Moreover, it 

can function as a bridge between theoretical concepts and empirical research.(75) It is almost 

impossible to have complete information of interest in empirical research to address the 

research question of interest most of the time. In the context of this dissertation, to identify the 

optimal behavioral intervention design given target population characteristics, it would be 

essential to incorporate data or hypothesized mechanisms of individuals’ behavioral incentives 

when evaluating how effective an intervention is in term of sustaining individual behavioral 

change. However, collection of such information is near impossible for all population of interest 

due to time, political and budget constraints. Therefore, ABM would allow us to incorporate 

behavioral economics theories and individual-level mechanistic hypotheses to help address the 

research question of interest, given limited empirical information. Furthermore, results from such 

model will help identify which information is key to intervention effectiveness evaluation, thus 

motivating future empirical research design and data collection.  
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Dissertation Aims 

Aim 1. To characterize the trajectories of cigarette smoking and physical activity from early 

adolescence to adulthood, using the National Longitudinal Study of Adolescent to Adult Health 

(Add Health) Wave I through V survey data. 

Aim 2. To assess the association between social network characteristics and cigarette 

smoking/physical activity during adolescence and the transition period from adolescence to 

young adulthood, using the National Longitudinal Study of Adolescent to Adult Health (Add 

Health) Wave I and III survey data. 

Aim 3. To develop an agent-based model evaluating the effectiveness of network-based and 

individual-targeting behavioral interventions. 

 

Public Health Significance 

 Evidence on the effectiveness of interventions targeting modifiable health behaviors for 

CVD prevention are mixed and, to date, no existing study comprehensively evaluated the 

potential effectiveness of different types of behavioral interventions. Different from existing 

studies, this dissertation aims to use a systems science approach to comprehensively evaluate 

the effectiveness of two major types of behavioral interventions – network-based intervention 

(e.g. popular opinion leader intervention) and individual-targeting intervention (e.g. incentivizing 

healthy behaviors), incorporating theories of individual behavioral choices and intervention 

diffusion on a social network. Through a combination of observational studies and 

computational experiments, this dissertation will address the following questions: 1). What are 

the network-level and individual-level contributing factors to individual’s health behaviors 

throughout life-course; 2) Given the knowledge of community network structure, target 

population characteristics and established community behavioral norms, what type of 

intervention and target population selection strategy would be most effective in maximizing the 

prevalence of health-benefiting behaviors in the long run; 3) Given specific target population’s 
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characteristics, what type of data would be needed in the future behavioral intervention design 

and effectiveness evaluation? This dissertation will be the first to summarize major behavioral 

intervention strategies into computational model designs with pre-specified target population 

selection and model set-up to alter individual incentives. Also, different from prior research(76–

78) that centered around the influence of direct network connections (peer influence) on 

individual’s health behavior, this dissertation will evaluate the population-level impact of different 

intervention scenarios, conditioning upon both network-based diffusion processes and 

operationalized individual incentive as individual behavioral choice utility functions. Most 

importantly, this dissertation provides an opportunity to compare and contrast the empirical and 

systems science modeling approach for identifying causal mechanisms linking individual and 

network level factors to population level outcomes of complex behavioral interventions. Findings 

from this dissertation will motivate future behavioral intervention trial design and data collection 

to address CVD burden and disparities, in terms of selection of target population for intervention 

and of intervention design (population-based vs individual-based), to reduce the prevalence of 

health damaging behaviors in the long term.  
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Chapter 2: Characterization of Trajectories of Physical Activity and Cigarette Smoking 

from Early Adolescence to Adulthood 

 

Introduction 

 Cigarette smoking and physical inactivity (PA) have long been identified as two critical 

behavioral risk factors for cardiometabolic diseases and all-cause mortality.(79) As two 

modifiable health behaviors, despite their distinct nature, PA and cigarette smoking have been 

shown to be correlated.(80–83) From a theoretic perspective, Social Cognitive 

Theory(84),(85),(86) and the Social Ecological Model(87–89) have been the two most widely 

applied theories in explaining patterns associated with both behaviors. Based on these two 

theories, PA and cigarette smoking could be correlated due to overlapping cognitive factors 

(e.g. belief), behavioral factors (e.g. self-efficacy) and environmental factors (e.g. social support) 

associated with behavior initiation, as well as maintenance. Additionally, empirical studies have 

shown that physical activity might help thwart craving of cigarette smoking(90) and cigarette 

smoking may decrease individual’s physical activity level due to impaired respiratory 

function.(91),(92) Nevertheless, results from intervention trials targeting PA and cigarette 

smoking simultaneously have been mixed.(88),(93),(94),(95) Therefore, it is important to 

compare and contrast patterns of these two health behaviors simultaneously in order to design 

interventions that might be effective in modifying both as well as evaluating why certain 

interventions fail at targeting at one behavior versus the other.  

 To better intervene upon these two modifiable health behaviors, exploratory studies 

have been put forth in recent years to identify long-term patterns of cigarette smoking and 

physical activity behaviors respectively in heterogenous population.(96–105) However, amongst 

all, the majority of such trajectory analyses were based on estimating trajectories of population 

mean over time assuming population homogeneity. A small number of studies based on a 
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group-based trajectory modeling approach have used latent class growth analysis (LCGA), 

which pre-assumes a number of distinct sub-groups of population sharing similar trajectories of 

behaviors over time given no individual-level heterogeneity.(106) These approaches often fail to 

capture distinct behavior patterns, taking into consideration individual heterogeneity, which is 

vital to the design and evaluation of person-centered behavioral interventions. Latent Class 

(Growth) Mixture Models (LCMM) allow for exploration of number and characteristics of 

unobserved sub-group population that share similar behavior patterns, incorporating individual-

level random effects.(106),(107) Using the National Longitudinal Study of Adolescent to Adult 

Health (Add Health) Wave I through V survey data, this study aims to explore distinct sub-

groups of population sharing similar patterns of PA and cigarette smoking from adolescence to 

adulthood, as well as predictors of sub-group membership. Results from this study will be able 

to provide further insights into features of PA and cigarette smoking as two modifiable health 

behaviors to better inform future person-centered behavioral interventions targeting each or 

both.  

 

Methods 

Study Design 

 The Add Health study is a longitudinal cohort study that enrolled a nationally 

representative sample of adolescents in the United States between grades 7 and 12 at 

baseline.(108) It was originally designed to facilitate a multidisciplinary approach to better 

understand causes of adolescent health behavior and outcomes throughout multiple 

developmental phases. At baseline (Wave I, 1993-1994), 20745 participants completed an in-

school interview or at-home interview with a mean age of 15 years old. In addition, participants’ 

parents were invited to complete interviews regarding parental socio-demographic background 

and household-level socio-economic information.  Four additional waves of data were collected 

subsequently: Wave II (1995-1996) N=14,738, mean age = 16 yrs old; Wave III (2001-2002) N= 
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15,197, mean age = 22 yrs old; Wave IV (2008) N =15,701, mean age = 28 yrs old; Wave V 

(2016-2018) N = 19,828, mean age = 36 yrs old. Across all five waves, the following information 

was collected: participants’ socio-demographic information, school performance, peer 

relationship, biomarker information, health outcomes, health behaviors, romantic relationship, 

familial and neighborhood-level socio-environmental contextual information, and geospatial 

information. The present analysis utilizes the in-school questionnaire, parental interview 

questionnaire and in-person interview questionnaire of the Add Health study. The use of the 

data was reviewed and approved by the Institutional Review Board at Emory University and the 

Add Health study review boards. 

 

 Cigarette Smoking. Survey respondents were asked to self-report cigarette smoking 

behaviors during in-school and in-home interviews. Questions regarding life-time history of 

cigarette smoking and past 30-day (p30-day) cigarette smoking behavior were asked. In Wave I 

and II, the following questions were asked to determine respondents’ current smoking status 

and p30-day cigarette smoking intensity: 1) Have you ever tried cigarette smoking, even just 1 

or 2 puffs? 2) Have you ever smoked cigarettes regularly, that is, at least 1 cigarette every day 

for 30 days? 3) During the past 30 days, on how many days did you smoke cigarettes? 4) 

During the past 30 days, on the days you smoked, on average, how many cigarettes per day did 

you smoke? In Wave III through V, the following questions were asked: 1) Have you ever tried 

cigarette smoking, even just one or two puffs? 2) Have you ever smoked an entire cigarette? 3) 

Have you smoked at all in the past 30 days? 4) During the past 30 days, on how many days did 

you smoke cigarettes? 5). During the past 30 days, on the days you smoked, on average, how 

many cigarettes per day did you smoke?  Based on these sets of questions, respondents were 

categorized as current smoker and current non-smoker. Current smokers were defined as those 

that have tried cigarettes and smoked cigarettes in the past 30 days. P30-day cigarette smoking 

intensity was defined as total number of cigarettes smoked in the past 30 days. If respondent 
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was categorized as current non-smoker, p30-day cigarette smoking intensity was zero. 

Otherwise, p30-day cigarette smoking intensity was calculated as the product of number of days 

smoked in the past 30 days and number of cigarettes smoked on average on the days 

respondents smoked. In addition, whether smokers were present in the household during 

baseline visit was reported as a binary response. During Wave V, respondents’ electronic 

cigarette use was also indicated as a dichotomous variable.  

 

 Physical Activity. Study respondents were asked to self-report their weekly frequency 

(times per week) of a series of standard physical activities including: jogging, walking, karate, 

jumping rope, gymnastics, dancing, roller-blading, roller-skating, skate-boarding, bicycling, or 

active sports. Previous studies(109),(110) have frequently used the definition of moderate-

vigorous leisure-time physical activity through approximating number of metabolic equivalents. 

In this study, instead of using number of metabolic equivalents approximated, we generated a 

physical activity score corresponding to self-reported physical activity frequency of each 

questionnaire item to account for change in reported activity categorization in Wave V. If 

frequency was zero in the past seven days, then the score was assigned as zero. If frequency 

was either once or twice in the past seven days, then the score was assigned as 1.5. Otherwise 

a score of 3.5 was assigned. A summary physical activity score was generated by summing up 

physical activity scores across all questionnaire items at each wave. Additionally, a 

standardized physical activity score across all five waves was generated by dividing the 

summary score by number of activities included in each wave’s questionnaire to account for an 

increased number of activities included in questionnaires starting Wave III. Detailed 

questionnaires corresponding to tobacco use behavior and physical activity are available on 

https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata. 

 

Other Variables of Interest  

https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata
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 Socio-demographic Characteristics. Socio-demographic variables of interest included 

biological sex, race/ethnicity, parental education and household income reported at baseline 

visit. Survey respondents self-identified as White, African American, Hispanic, Asian/Pacific 

Islander/Native American/Alaska Indians, or Others. 83% (N = 17238) respondents’ parents 

participated in the baseline parental interview questionnaire in 1994. Highest level of parental 

education obtained by 1994 was reported. Respondents’ parents were further dichotomized as 

having received a degree no more than high school or having received a degree beyond high 

school. In addition, total household pre-tax income including welfare benefits, dividends, and 

others was reported. A three-level ordinal variable was generated based on tertiles of reported 

household income.  

 

 Baseline Neighborhood Characteristics. Respondents’ closeness with people in the 

neighborhood was captured by a survey question asking whether they knew most people in the 

neighborhood. In addition, all respondents to the in-home interview were asked about whether 

they were happy with the present neighborhood, whether they felt safe in the current 

neighborhood and whether they had access to a fitness or recreational center in the 

neighborhood.  

 

 Socio-psychological Factors. Perceived parental, peer and teachers’ support was 

captured during baseline in-home interviews through questions on whether respondents felt 

cared for by adults, teachers, and friends. Whether respondents perceived as part of the school 

or close to others at school were also recorded as a binary response in in-school questionnaires 

at baseline. Detailed baseline in-home and in-school questionnaires are available on 

https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata. 

 

Statistical Analysis 

https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata
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 Participants who participated in Wave I through Wave V in-school and in-home interview 

as well as baseline parental interview questionnaire of the Add Health study with non-missing 

information on age, PA and cigarette smoking behaviors were included in the analyses. To 

ensure participants of five waves of the Add Health study were comparable, key socio-

demographic characteristics of all waves of study participants were assessed. (Table 2-1) To 

identify sub-groups of physical activity and cigarette smoking trajectories from young 

adolescence to adulthood, latent class mixture models (LCMM) were used. LCMM allows for 

exploration of population-level outcome heterogeneity by identifying the underlying N number of 

latent classes and accounting for individual-level measure heterogeneity.(111),(112)  

 To determine the optimal number of latent classes and class-specific trajectories of 

physical activity scores from young adolescence to adulthood for Add Health participants, we fit 

LCMMs with standardized physical activity score as the outcome measure and age as a 

continuous time variable. Maximum likelihood measures of a single latent class model were 

used as the initial values for model estimation. For each model with hypothesized number of 

latent classes, model fitting and estimation process were iterated over random vectors of initial 

values through an automatic grid search algorithm until model achieved the best log-likelihood 

measure. Moreover, quadratic trajectories of physical activity scores were explored in addition 

to linear trajectories. Based on prior literature(110,113,114), we hypothesized that there were 

three classes of distinct trajectories. Hence, all model fitting and estimation procedures were 

iterated over two to four hypothesized number of latent classes in LCMM. Posterior probabilities 

of participants belonging to a class, given the hypothesized number of classes were obtained. 

Optimal number of classes for physical activity score trajectories was determined based on the 

following six factors: model entropy, the Akaike Information Criterion (AIC), the Bayesian 

Information Criterion (BIC), trajectory shape fitting between predicted and observed data, 

average posterior probability of individuals belonging to the assigned class (ideally greater or 

equal to 0.7), and proportion of individuals belonging to each class. With respect to trajectories 
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of p30-day cigarette smoking intensity, a similar approach as described above was used. We 

hypothesized that three classes of trajectories would be observed.(105) Log of p30-day 

cigarette smoking intensity was used as the outcome measure for model fitting purposes. To 

further identify predictors of latent class membership, multinomial logistic regression was used 

to assess the association of individual-level predictors (e.g. socio-demographic, psychological 

factors) and community-level predictors (e.g. household and neighborhood factors) with 

trajectory class membership for both PA and cigarette smoking. All statistical analyses were 

performed in R 3.5.2.   

 

Results  

 Of 20745 baseline study participants, 14736 (71%) participated in Wave II, 15197 (73%) 

participated in Wave III, 15701 (76%) participated in Wave IV, and 12283 (59%) participated in 

Wave V. Across all five waves, prevalence of female participants and participants of different 

race/ethnicity were comparable. Similarly, participants across all waves reported similar levels 

of parental education levels. (Table 2-1) Of all baseline study participants, 20734 had 

completed at least one set of physical activity-related questions across five waves and 20689 

had completed at least one set of cigarette smoking-related questions across fives waves. 

Amongst respondents included in PA trajectory analyses, 10474 were female and 10292 were 

non-white participants. With respect to cigarette smoking, 10455 respondents included in the 

final analyses were female and 10308 were non-white participants. (Table 2-2, Table 2-3)  

 

Trajectory Classes and Class Member Profile for Standardized Physical Activity Score  

 We identified three distinct sub-groups of PA trajectories in the study population: 

moderately active group (Class 1, N= 1067, 5%), persistently inactive group (Class 2, N= 

14257, 69%) and progressing inactive group (Class 3, N= 5410, 26%) since three classes 

resulted in model with the highest entropy, smallest AIC/BIC as well as mean posterior 
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probability of individual actually belonging to each class greater than 0.70. (Table 2-2, 

Supplemental Table 2-1, and Figure 2-1). Moderately active group maintained a moderate PA 

level till 30 years old, when PA level dropped.  Persistently inactive group had the lowest PA 

level across all groups over time. Meanwhile, the magnitude of change in PA level overtime has 

been the smallest in this group. The progressing inactive group had the highest PA level prior to 

15 years old. Nonetheless, the PA level dropped drastically starting at 15 years old and leveled 

off starting at 25 years old. The magnitude of change in physical activity level was the biggest 

amongst this group. Overall, prior to 18 years old, progressing inactive group had the highest 

mean PA level whereas moderately active group became the most active group amongst all 

groups starting at 18 years old (Figure 2-1). Socio-demographic characteristics were 

comparable across all three groups. The persistently inactive group had the highest proportion 

of females (N = 8324, 58%), parents that did not receive a high school degree or above (N = 

6167, 43%), and households with an income in the lowest tertile (N = 4104, 29%) whereas the 

moderately active group had the lowest proportion of females (N= 303, 28%), lowest number of 

parents that did not receive a high school degree or above (N = 388, 36%) and lowest number 

of households with an income in the lowest tertile (N = 238, 22%). With respect to baseline 

neighborhood characteristics, the persistently inactive group had the lowest proportion of 

respondents that reported being happy with their present neighborhood (N=12754, 89%), had 

an access to recreational center in the neighborhood (N = 2360, 17%), felt safe in the 

neighborhood (N = 12382, 87%), or knew almost everyone in the community (N=9577, 67%). 

Perceived closeness with peers at school and perceiving as a part of the school appeared to be 

two differentiating factors between the persistently inactive group and the other two groups. 

Proportions of individuals that perceived as close with peers at school and perceived as part of 

the school were lowest in the persistently inactive group. (Table 2-2) 

 

Trajectory Classes and Class Member Profile for Past 30-day Cigarette Smoking Intensity 
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 With respect to past 30-day cigarette smoking intensity, we observed three distinct 

groups in the study population: persistent non-smoker (Class 1, N=14939, 72%), progressing 

non-smoker (Class 2, N=2357, 11%), and progressing smoker (Class 3, N=3393, 16%) since 

three classes resulted in model with the highest entropy, smallest AIC/BIC as well as mean 

posterior probability of individual actually belonging to each class greater than 0.70.  (Table 2-3, 

Supplemental Table 2-1). The progressing non-smoker group increased p30-day cigarette 

smoking intensity prior to 18 years old and started reducing p30-day cigarette smoking intensity 

throughout adulthood. The persistent non-smoker group remained as non-smoker throughout 

the entire study follow-up period. In the meantime, the progressing smoker group increased 

p30-day cigarette smoking intensity from adolescence to adulthood consistently. However, the 

magnitude of increase was the highest from adolescence to young adulthood. Rate of increase 

in p30-day cigarette smoking intensity lowered starting at 22 years old and plateaued around 26 

years old till the end of the study follow-up. Overall, the progressing non-smoker group had the 

highest mean log (p30-day cigarette smoking intensity) prior to 23 years old. After 23 years old, 

p30-day cigarette smoking intensity amongst the progressing smoker group became the 

highest. (Figure 2-2) Among the three groups, the progressing smoker group had the lowest 

proportion of females (N = 1474, 43%), meanwhile the persistent non-smoker group had the 

highest. (N = 7800, 52%) The progressing non-smoker group had the lowest proportion of 

racially disadvantaged population. (N = 623, 26%) Also, the progressing non-smoker group had 

the most individuals indicating the presence of smokers in the household (N = 1435, 61%) 

whereas persistent non-smoker had the fewest. (N = 4822, 32%). Interestingly, the persistent 

non-smoker group had the fewest respondents indicating knowing most people in the 

neighborhood (N = 10187, 68%), whereas the progressing smoker group had the most. (N = 

2611, 77%) With respect to baseline socio-psychological factors, perceived closeness with 

peers at school, perceived care from teachers, and perceived as part of the school appeared to 

be three differentiating factors. The persistent non-smoker group had the highest proportions of 
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individuals that responded positively to all questions above whereas progressing non-smoker 

group had the lowest proportions. (Table 2-3)  

 

Predictors of Physical Activity and P30-day Cigarette Smoking Intensity Class 

Membership 

 Out of the entire sample population, about 50% individuals were concurrently 

persistently inactive and persistent non-smokers. Across all three classes of PA trajectory, 

highest proportion of individuals were consistently persistent non-smokers whereas fewest 

individuals were progressing non-smoker. (Table 2-4) For cigarette smoking, highest proportion 

of individuals belonged to the persistently inactive group and fewest number of individuals 

belonged to the moderately active group. (Table 2-4) Based on results from multinomial logistic 

regression analyses, sex, baseline parental education, baseline parental income, access to 

fitness center, knowing almost everyone in the neighborhood, feeling close to others at school 

and feeling as part of the school were significant predictors of being in persistently inactive 

group as compared to being in moderately active group. Sex, race/ethnicity, and baseline 

parental income were significant predictors of being in the progressing inactive group as 

compared to being in the moderately active group. (Table 2-5) Overall, females were more likely 

to be in the persistently inactive and progressing inactive group. (RRR = 3.59, 95% CI: 2.97-

4.33; RRR = 1.47, 95% CI: 1.20-1.78) Non-Hispanic white individuals were more likely to be in 

the moderately active group. Baseline neighborhood characteristics only differentiated 

individuals in persistently inactive group versus moderately active group. In addition, not feeling 

as part of school was a significant predictor of an individual being persistently inactive. (RRR= 

0.72, 95% CI: 0.53-0.96)  

 With respect to cigarette smoking, females were less likely to be a progressing smoker 

as compared to being a progressing smoker. (RRR = 0.74, 95% CI: 0.64, 0.86) Race was a 

significant predictor of individuals being a progressing non-smoker as compared to the other two 
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smoking trajectory groups. Non-Hispanic black individuals were more likely to be persistent non-

smokers (RRR = 7.32, 95% CI: 5.54, 9.66) and progressing smokers (RRR = 4.86, 95% CI: 

3.61, 6.53). Non-Hispanic white individuals were more likely to be xxx as compared to all other 

racial groups. (Table 2-6) Individuals that reported feeling happy about present neighborhood, 

perceived care from teachers at baseline visit, and feeling as part of the school were 

significantly more likely to be persistent non-smokers. Meanwhile, presence of smokers in the 

household was associated with higher risk of being progressing non-smoker or progressing 

smoker as compared to persistent non-smoker. Interestingly, perceiving care from teachers, 

feeling close to others and feeling as part of the school were associated with higher risk of being 

a progressing smoker as compared to be a progressing non-smoker. Nonetheless, the 

magnitude of association is bigger between persistent non-smokers and progressing non-

smoker as compared to progressing smoker and progressing non-smoker. (Table 2-6)  

 

Discussion 

 This study explored sub-groups of individuals sharing similar trajectories of physical 

activity and past 30-day cigarette smoking behavior from adolescence to adulthood, as well as 

predictors of specific sub-group membership. Our study revealed three distinct groups of 

individuals following similar patterns of physical activity (moderately active, persistently inactive, 

progressing inactive) and three distinct groups of individuals following similar patterns of 

cigarette smoking behavior in the past 30 days (persistent non-smoker, progressing non-

smoker, progressing smoker). In general, physical activity level decreases from adolescence to 

adulthood. However, cigarette smoking behavioral patterns differ significantly across the three 

groups from adolescence to adulthood. Interestingly, for both physical activity and cigarette 

smoking behavior, there is one group of individuals that had a consistent behavioral pattern 

throughout the entire study follow-up and the population size of these groups were the highest. 

Additionally, transition from adolescence to young adulthood and late adulthood both appeared 
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to be critical to altering individuals’ physical activity patterns whereas transition from young 

adulthood to late adulthood might be a critical time window for change in cigarette smoking 

behavior. These findings are consistent with several earlier studies that also found 3 to 4 sub-

groups of trajectories for both PA and cigarette smoking.(105,110,115),(116),(117) Similar to our 

study, one existing study on life-course trajectories of PA based on a sample of Finnish 

population have shown that overall PA level declines overtime and persistently low-activity 

group makes up the large proportion of the study population. Major changes in PA level also 

started during the transition period between adolescence to young adulthood around 21 years 

old.(117) Contrastingly, one large study in a sample of US population described 10 sub-groups 

of trajectories, among which there were additional groups of individuals that remained 

persistently at high levels of PA, as well as increasingly levels of PA from adolescence to late 

adulthood.(118) For cigarette smoking, very few studies explored the long-term trajectories of 

cigarette smoking behavior spanning across adolescence to adulthood.(105) One recent study 

based on a Northern Finnish study population with a 46-year follow-up characterized six 

different groups of individuals sharing similar patterns of behavior over time. However, the 

overall patterns of these six trajectories are similar to findings from our study, indicating the 

presence of progressing smoker, never smoker and progressing non-smoker (labeled as 

quitters in the study).(119) 

 Our study showed that sex and race/ethnicity are significant socio-demographic 

predictors of long-term trajectories of PA level and cigarette smoking. Meanwhile, baseline 

parental education and parental income have more impact over trajectory class membership of 

PA and not so much on cigarette smoking intensity trajectory class membership. The observed 

sex difference in PA patterns overtime has long been in discussion. Theories and studies have 

suggested that females are more likely to be more inactive as compared to their male 

counterparts, potentially due to long-established gender norms, in addition to physiological 

differences.(120),(121)  Consistent with previous studies, our study has indicated that females of 
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disadvantaged racial profile as well as lower familiar socio-economic status are more likely to be 

inactive over their lifetime.(113) Combined with our additional analyses on association between 

household/neighborhood level factors and PA trajectory, adjusting for socio-demographic 

predictors mentioned above, it appeared that socio-demographic factors are key predictors of 

PA trajectory and such observation could be partially explained through downstream household 

and neighborhood level factors that impact one’s access to physical activity, for example, no 

access to recreational center and safety issue in a low socio-economic status neighborhood. In 

terms of socio-psychological predictors of PA trajectory, our study found that perceived 

closeness with peers as well as perceiving as part of the school at baseline was associated with 

a decreased risk of being persistently inactive throughout life course, even after adjusting for 

critical socio-demographic factors. Significant numbers of empirical research have shown that 

peer influence plays a role in moderating physical activity behaviors.(122–124) In addition to 

existing findings, our study has shown the possibility of lasting impact of peer influence and 

perceived normative behavior at younger age over lifelong trajectories of physical activity.  

 For cigarette smoking, our study showed that females are more likely to be progressing 

non-smoker as compared to progressing smoker, which is contrasting to existing study 

indicating that it might be more difficult for females to quit smoking once started.(125),(126)  

Consistent with existing studies, results from our study showed that racially disadvantaged 

individuals are more likely to be progressing smokers versus progressing non-smokers, which 

suggests that racial minorities, once initiated cigarette smoking, are less likely to quit in the long 

term.(127) Interestingly, in our study, racially disadvantaged individuals are more likely to be 

persistent non-smokers than their White counterparts. Previous studies have also echoed such 

findings. Various studies(128–130) have shown that African American, Hispanic and American 

Indian individuals, despite their age of cigarette smoking initiation, are lighter and intermittent 

smokers as compared to Whites. Different from PA trajectories, we found that household and 

neighborhood level predictors are important to differentiate persistent non-smokers as 
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compared to progressing smokers/non-smokers even after adjusting for individual socio-

demographic factors, suggesting the importance of contextual exposure to cigarette smoking 

behavior. However, the presence of a smoker in the household is associated with higher risk of 

being a progressing smoker and progressing non-smoker as compared to never smoker. This 

finding is similar to a previous study that household smoking is not linearly and positively 

correlated with cigarette smoking or quitting in the long-term.(131) With regards to socio-

psychological predictors, different from PA trajectory membership, we did not find an 

association between baseline socio-psychological factors and long-term trajectories of cigarette 

smoking intensity. 

 Results from this study have several important indications for behavioral intervention 

design targeting physical activity and cigarette smoking. First, interventions are still much 

needed for both behaviors given the large proportions of individuals that are persistently inactive 

and progressing non-smokers in our study population. Second, when designing interventions 

targeting PA, individual socio-demographic and socio-psychological factors might be important 

to take into consideration, especially when considering the sex difference in motivation to 

engage in PA. One study has shown that for females, individual-based interventions such as 

positive messaging and campaigns have been more effective in the long run than changes in 

built environment.(120) For cigarette smoking, however, individual socio-demographic and 

contextual factors such as household and neighborhood level factors are key. Third, with 

regards to potential target population characteristics, our analyses indicate that individuals with 

more significant change of PA behavior are more likely to male, coming from a better socio-

economic background, and having more perceived care/support from peers at a younger age 

whereas females, and individuals from disadvantaged familial background with less perceived 

social/psychological support are more reluctant to change behaviors over time. Meanwhile, for 

cigarette smoking, males, non-Hispanic White individuals, as well as those perceiving support 

from neighborhood/peers are more likely to change their cigarette smoking behaviors. 
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Collectively, these findings showed that different types of behavioral interventions might be 

needed when targeting PA versus cigarette smoking. In addition, despite a dire need to address 

disparity in these two behaviors due to inequality and inequity, a careful examination of 

intervention design prior to implementation is needed due to greater inertia to behavioral change 

amongst disadvantaged population.  

 Our study has several strengths. First, to our knowledge, it is one of the first studies that 

characterized trajectories of physical activity and cigarette smoking behavior from adolescence 

to adulthood using a comprehensive large nationally presentative longitudinal study. Second, 

utilizing latent class growth mixture model, our study was able to identify specific trajectories 

and sub-group population, taking into consideration both group and individual level 

heterogeneity. Third, a comprehensive exploration of predictors associated with trajectories 

allowed for investigation of important factors associated with sub-group membership, which is 

crucial to identify behavioral intervention target population characteristics as well as intervention 

design strategies. In the meantime, several limitations need to be acknowledged. First, the 

number of Add Health study participants decreased by Wave V. Approximately 50% of the study 

participants were part of Wave V of the study. Even though the socio-demographic 

characteristics of study participants were comparable across all five waves (Table 2-1), 

individuals that were not part of the study during later waves of study might lead to missingness 

in outcome data that are not at random, which might lead to bias our study finding. Second, both 

physical activity and past 30-day cigarette smoking data were obtained through self-reported 

survey. However, the design of the questionnaire items regarding to those two behaviors were 

not consistent across all waves, which might lead to measurement error of outcomes. Third, 

Wave I through III did not have questions on average cigarette smoking intensity on a typical 

smoking day instead of the past 30-day daily cigarette smoking intensity. Therefore, this study 

used past 30-day cigarette smoking intensity as an outcome, which might not be representative 

of all cigarette smokers’ typical smoking behavior annually. Lastly, latent class (growth) mixture 
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model is a post-hoc analytical approach that is constrained by parameters imposed on model 

specification, such as hypothesized number of groups, as well as whether the trajectory would 

follow a linear, quadratic or cubic pattern. Even though our study explored different model 

specification, similar research question needs to be explored in other studies to further confirm 

the research findings.  

 

Conclusion  

 To conclude, our study indicates that there are three sub-groups of individuals sharing 

similar patterns of physical activity and past 30-day cigarette smoking behavior from early 

adolescence to adulthood. In addition, age, socio-demographic and psychological factors are all 

important predictors of these two behaviors. Future behavioral interventions targeting physical 

activity and cigarette smoking behaviors need to take into consideration both timing and target 

population characteristics to be effective. 
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Table 2-1. Characteristics of the Add Health Study Participants across Five Waves of Study 
Follow-up, 1994 – 2018 
 
 Wave I  Wave II Wave III Wave IV  Wave V 
N       
Total 20745 14736  15197 15701  12283  
Parental Education      
College or above 6941 (33) 5129 (35) 5278 (35) 5372 (34) 4457 (36) 
Graduated from high 
school but not college 

4192 (20) 2938 (20) 3088 (20) 3269 (21) 2565 (21) 

Not graduated from high 
school 

8572 (41) 6070 (41) 6153 (41) 6386 (41) 4764 (39) 

Race/Ethnicity      
Non-Hispanic White 10455 (50) 7573 (51) 7864 (52) 8294 (53) 6842 (56) 
Non-Hispanic Black 4669 (23) 3244 (22) 3316 (22) 3498 (22)  2473 (20) 
Hispanic 3525 (17) 2487 (17) 2447 (16)  2498 (16) 1825 (15) 
Non-Hispanic 
Asian/Pacific 
Islander/American 
Indian/Alaska Native 

1467 (7) 1004 (7) 1108 (7) 947 (6) 793 (6) 

Other  629 (3) 428 (3)  435 (3) 437 (3)  328 (3) 
Female 10263 (49) 7182 (49) 7167 (47) 7349 (47) 5324 (43) 
Current Smoker 5326 (26) 4648 (32) 4786 (32) 5508 (35)  2984 (24) 
Mean (SD)       
Age (years) 15.7 (1.7) 16.2 (1.6) 22.0 (1.8) 28.5 (1.8) 37.5 (1.9)  
Standardized physical 
activity score 

0.4 (0.2) 0.4 (0.2)  0.2 (0.2) 0.2 (0.2) 0.1 (0.1) 

*SD: standard deviation 
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Table 2-2. Baseline Class Member Profile of Physical Activity Trajectory 
  

Physical Activity Trajectory Class Profile   
Class 1  
(Moderately 
active) 

Class 2 
(Persistently 
inactive) 

Class 3  
(Progressing 
inactive) 

N (%) 1067 (5) 14257 (69) 5410 (26) 
Socio-demographic 

   

Female 303 (28) 8324 (58) 1847 (34) 
Non-Hispanic White 503 (47) 7059 (50) 2891 (53) 
Non-Hispanic Black 247 (23) 3348 (23) 1072 (20) 
Hispanic 181 (17) 2447 (17) 893 (17) 
Other 136 (12) 1403 (10) 554 (10) 
Parental Education (Less than High school) 388 (36) 6167 (43) 2016 (37) 
Household Income (lowest tertile) 238 (22) 4104 (29) 1324 (24) 
Neighborhood   

   

Knowing most people in the neighborhood 814 (76) 9577 (67) 4089 (76) 
Happy with present neighborhood 986 (92) 12754 (89) 4968 (92) 
Access to recreational center in 
neighborhood  

302 (28) 2360 (17) 1548 (29) 

Feel safe in the neighborhood  968 (91) 12382 (87) 4831 (89) 
Socio-psychological 

   

Perceived adults’ care 1022 (96) 13657 (96) 5218 (96) 
Perceived teachers’ care 924 (87) 12111 (85) 4695 (87) 
Perceived friends’ care 1040 (97) 13733 (96) 5236 (97) 
Perceived closeness with peers at school 467 (44) 5168 (26) 2404 (44) 
Perceived as part of school  457 (43) 5101 (36) 2357 (44) 
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Table 2-3. Baseline Class Member Profile of Past 30-day Cigarette Smoking Intensity Trajectory 
  

Past 30-day Cigarette Smoking Trajectory Class 
Profile  
Persistent 
Non-smoker 

Progressing 
Non-smoker 

Progressing 
Smoker 

N (%) 14939 (72) 2357 (11) 3393 (16) 
Socio-demographic 

   

Female 7800 (52) 1181 (50) 1474 (43) 
Non-Hispanic White 6691 (45) 1734 (74) 2012 (59) 
Non-Hispanic Black 3781 (25) 128 (5) 742 (22) 
Hispanic 2900 (19) 270 (11) 342 (10) 
Other 1567(11) 225 (9) 297 (9) 
Parental Education (Less than High 
school) 

5899 (39) 1095 (46) 1556 (46) 

Household Income (lowest tertile) 3951 (26) 641 (27) 1058 (31) 
Presence of smoker in household 4822 (32) 1435 (61) 1732 (51) 
Neighborhood   

   

Knowing most people in the 
neighborhood 

10187 (68) 1660 (70) 2611 (77) 

Happy with present neighborhood 13537 (91) 2093 (89) 3046 (90) 
Socio-psychological 

   

Perceived adults’ care 14353 (96) 2253 (96) 3254 (96) 
Perceived teachers’ care 13162 (88) 1765 (75) 2774 (82) 
Perceived friends’ care 14401 (96) 2302 (98) 3270 (96) 
Perceived closeness with peers at 
school 

6026 (40) 769 (33) 1232 (36) 

Perceived as part of school  6049 (40) 671 (28) 1184 (35) 
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Table 2-4. Class membership of physical activity trajectories conditioned on cigarette smoking 
trajectory class membership 
  
 Cigarette Smoking Trajectory Class Membership 
Physical 
Activity 
Class 

Class 1 
(Persistent 
non-smoker) 

Class 2 
(Progressing non-
smoker)  

Class 3 
(Progressing 
Smoker) 

Total 

Class 1 
(Moderately 
active) 

808 (4%) 99 (0.5%) 160 (1%)  1067 (5%) 

Class 2 
(Persistently 
inactive) 

10082 (49%) 1777 (9%) 2358 (11%) 14217 (69%) 

Class 3 
(Progressing 
inactive) 

4046 (20%) 481 (2%) 875 (4%) 5402 (26%) 

Total 14939 (72%) 2357 (11%) 3393 (16%) 20745  
*Percentage represent percentage out of the entire study population 
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Table 2-5. Predictors of Physical Activity Trajectory Class Membership 
  
 

Class  
(Reference: 
Class 1: Moderately 
active) 

Relative Risk 
Ratio (95% CI) * 

Relative Risk Ratio 
(95% CI) ** 

Female 2 (Persistently inactive) 3.53 (3.08, 4.05) 3.59 (2.97, 4.33)  
3 (Progressing inactive) 1.31 (1.13, 1.51) 1.47 (1.20, 1.78) 

Race 
(reference = non-
Hispanic White) 

   

Non-Hispanic 
Black 

2 (Persistently inactive) 0.95 (0.81, 1.12) 0.84 (0.67, 1.04) 
 

3 (Progressing inactive) 0.75 (0.64, 0.89) 0.61 (0.48, 0.78) 
Hispanic 2 (Persistently inactive) 0.98 (0.82, 1.17) 0.78 (0.60, 1.02)  

3 (Progressing inactive) 0.86 (0.72, 1.04) 0.75 (0.57, 0.99) 
Others 2 (Persistently inactive) 0.76 (0.62, 0.93) 0.65 (0.49, 0.86)  

3 (Progressing inactive) 0.71 (0.58, 0.88) 0.63 (0.47, 0.85) 
Parent graduated 
from high school 
or above 

   

 
2 (Persistently inactive) 0.71 (0.62, 0.82) 0.70 (0.57, 0.85)  
3 (Progressing inactive) 0.95 (0.83, 1.09) 0.88 (0.72, 1.07) 

Parental baseline 
income (reference 
= first tertile)  

   

25%+ 2 (Persistently inactive) 0.70 (0.58, 0.83) 0.73 (0.58. 0.92)  
3 (Progressing inactive) 0.79 (0.66, 0.96) 0.78 (0.61, 0.99) 

75%+ 2 (Persistently inactive) 0.65 (0.54, 0.78) 0.78 (0.61, 0.99)  
3 (Progressing inactive) 0.87 (0.73, 1.05) 0.93 (0.73, 1.20) 

Have access to 
fitness center in 
the community 

  

 
 2 (Persistently inactive) 0.54 (0.47, 0.63) 0.57 (0.47. 0.69) 
 3 (Progressing inactive) 1.04 (0.90, 1.21) 1.13 (0.93, 1.38) 
Feel safe in the 
neighborhood 

   
 

2 (Persistently inactive) 0.71 (0.57, 0.88) 0.88 (0.63, 1.24)  
3 (Progressing inactive) 0.81 (0.64, 1.01) 0.95 (0.67, 1.35) 

Knows everyone in 
the neighborhood 

   
 

2 (Persistently inactive) 0.63 (0.55, 0.74) 0.67 (0.55, 0.82)  
3 (Progressing inactive) 0.94 (0.81, 1.10) 0.96 (0.77, 1.19) 

Feel happy about 
present 
neighborhood 
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2 (Persistently inactive) 0.70 (0.55, 0.89) 0.83 (0.57, 1.20)  
3 (Progressing inactive) 0.86 (0.67, 1.11) 0.87 (0.58, 1.28) 

Perceived care 
from adults 

   
 

2 (Persistently inactive) 0.93 (0.66, 1.31) 1.09 (0.66, 1.86)  
3 (Progressing inactive) 1.10 (0.77, 1.58) 1.12 (0.64, 1.97) 

Perceived care 
from teachers 

   
 

2 (Persistently inactive) 0.83 (0.69, 1.01) 1.17 (0.89, 1.54)  
3 (Progressing inactive) 0.97 (0.80, 1.19) 1.17 (0.88, 1.57) 

Perceived care 
from friends 

   
 

2 (Persistently inactive) 0.67 (0.43, 1.04) 0.65 (0.31, 1.36)  
3 (Progressing inactive) 0.72 (0.46, 1.14) 0.72 (0.33, 1.54) 

Feel close to 
others at school 

   
 

2 (Persistently inactive) 0.55 (0.44, 0.70) 0.73 (0.53, 0.99)  
3 (Progressing inactive) 1.07 (0.84, 1.38) 1.15 (0.83, 1.59) 

Feel as part of the 
school 

   
 

2 (Persistently inactive) 0.62 (0.50, 0.77) 0.72 (0.53, 0.96)  
3 (Progressing inactive) 1.03 (0.82, 1.29) 0.85 (0.63, 1.16) 

*: RRR corresponds to models adjusting for sex and race/ethnicity only: e.g. model for parental 
baseline income was obtained from model adjusting for parental baseline income, sex and 
race/ethnicity 
**: RRR corresponds to model adjusting from all covariates of interest 
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Table 2-6. Predictors of P30-day Cigarette Smoking Intensity Trajectory Class Membership 
 

Class  
(Reference: 
Class 2: Progressing 
non-smoker) 

Relative Risk 
Ratio (95% CI) * 

Relative Risk 
Ratio (95% CI) ** 

Female 1 (Persistent Non-smoker) 1.08 (0.99, 1.18) 1.07 (0.94, 1.21)  
3 (Progressing Smoker) 0.75 (0.68, 0.84) 0.74 (0.64, 0.86) 

Race 
(reference = White) 

   

Non-Hispanic Black 1 (Persistent Non-smoker) 7.64 (6.36, 9.19) 7.32 (5.54, 9.66)  
3 (Progressing Smoker) 5.02 (4.12, 6.12) 4.86 (3.61, 6.53) 

Hispanic 1 (Persistent Non-smoker) 2.79 (2.43, 3.19) 2.21 (1.80, 2.71)  
3 (Progressing Smoker) 1.09 (0.91, 1.29) 0.97 (0.75, 1.25) 

Others 1 (Persistent Non-smoker) 1.81 (1.56, 2.10) 1.70 (1.33, 2.17)  
3 (Progressing Smoker) 1.13 (0.94, 1.36) 1.43 (1.00, 1.32) 

Parent graduated 
from high school or 
above 

   

 
1 (Persistent Non-smoker) 1.58 (1.44, 1.73) 1.15 (1.00, 1.32)  
3 (Progressing Smoker) 1.04 (0.94, 1.17) 0.93 (0.79, 1.09) 

Parental baseline 
income (reference = 
first tertile)  

   

25%+ 1 (Persistent Non-smoker) 1.29 (1.14, 1.45) 0.98 (0.83, 1.16)  
3 (Progressing Smoker) 0.99 (0.86, 1.14) 0.89 (0.74, 1.08) 

75%+ 1 (Persistent Non-smoker) 1.52 (1.35, 1.72) 0.99 (0.83, 1.18)  
3 (Progressing Smoker) 0.93 (0.80, 1.07) 0.75 (0.61, 0.91) 

Presence of smoker 
in the household 

   
 

1 (Persistent Non-smoker) 0.25 (0.22, 0.28) 0.30 (0.27, 0.35)  
3 (Progressing Smoker) 0.58 (0.51, 0.65) 0.61 (0.52, 0.72) 

Knows everyone in 
the neighborhood 

   
 

1 (Persistent Non-smoker) 0.90 (0.82, 0.99) 0.83 (0.71, 0.96)  
3 (Progressing Smoker) 1.33 (1.18, 1.50) 1.22 (1.02, 1.46) 

Feel happy about 
present 
neighborhood 

   

 
1 (Persistent Non-smoker) 1.56 (1.35, 1.80) 1.40 (1.12, 1.76)  
3 (Progressing Smoker) 1.25 (1.05, 1.49) 1.28 (0.98, 1.67) 

Perceived care from 
adults 

   
 

1 (Persistent Non-smoker) 1.54 (1.22, 1.94) 1.11 (0.76, 1.62)  
3 (Progressing Smoker) 1.34 (1.02, 1.77) 1.14 (0.73, 1.77) 

Perceived care from 
teachers 
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1 (Persistent Non-smoker) 2.84 (2.54, 3.18) 2.29 (1.92, 2.73)  
3 (Progressing Smoker) 1.61 (1.41, 1.85) 1.60 (1.30,1.96) 

Perceived care from 
friends 

   
 

1 (Persistent Non-smoker) 0.99 (0.72, 1.37) 0.75 (0.45, 1.26)  
3 (Progressing Smoker) 0.82 (0.57, 1.17) 0.69 (0.39, 1.23) 

Feel close to others 
at school 

   
 

1 (Persistent Non-smoker) 1.78 (1.54, 2.06) 1.03 (0.84, 1.27)  
3 (Progressing Smoker) 1.35 (1.14, 1.61) 1.01 (0.79, 1.28) 

Feel as part of the 
school 

   
 

1 (Persistent Non-smoker) 2.35 (2.05, 2.70) 1.82 (1.50, 2.22)  
3 (Progressing Smoker) 1.57 (1.34, 1.86) 1.32 (1.05, 1.65) 

*: RRR corresponds to models adjusting for sex and race/ethnicity only: e.g. model for parental 
baseline income was obtained from model adjusting for parental baseline income, sex and 
race/ethnicity 
**: RRR corresponds to model adjusting from all covariates of interest 
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Supplemental Table 2-1. Model Selection Criteria for Trajectories of Physical Activity Score 
and Cigarette Smoking Intensity from Early Adolescence to Adulthood 

Physical Activity   
 AIC BIC Entropy 
1-class model -49912.7 -49833.3 1.00 
2-class model -49904.7 -49793.5 0.31 
3-class model -52101.1 -51958.2 0.60 
4-class model -51717.3 -51542.7 0.18     

Optimal Model Class 
Membership  

 

 
Class 1 Class 2 Class 3 

N (%)  1067 (5) 14257 (69) 5410 (26)     

Distribution of posterior 
probability of class 
membership  

1st 
Quartile 

Mean 
 

Class 1 0.62 0.78 
 

Class 2 0.77 0.85 
 

Class 3 0.60 0.72  
Log(Past 30-day cigarette 
smoking intensity) 

 

 AIC BIC Entropy 
1-class model 304046.8 304126.1 1.00 
2-class model 304054.8 304165.9 0.46 
3-class model 284475.4 284618.3 0.90 
4-class model 284483.4 284658.1 0.59     

3-class Model Class 
Membership (Optimal Model)  

 

 
Class 1 Class 2 Class 3 

N (%) 14939 (72) 2357 (11) 3393 (16)     

3-class model probability of 
class membership  

1st 
Quartile 

Mean 
 

Class 1 0.99 0.97 
 

Class 2 0.89 0.92 
 

Class 3 0.90 0.92  
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Figure 2-1. Subject-specific Trajectories of Standardized Physical Activity Score from Early 
Adolescence to Adulthood
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Figure 2-2. Subject-specific Trajectories of Log (Past 30-day Cigarette Smoking Intensity) from 
Early Adolescence to Adulthood 
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Chapter 3: The impact of Social Network Characteristics on Cigarette Smoking 

and Physical Activity during Adolescence and Transition from Adolescence to 

Young Adulthood   

 

Introduction 

 The concept of social network as a structural representation of relations linking social 

actors was first formalized in the 1950s by Barnes and Bott to analyze social ties in the 

sociological context of traditional kinship.(132) In 1979, Berkman and Syme’s paper(133) shed 

light on the importance of social networks in health outcomes, which led to an increasing 

interest in research investigating the role of social networks as a determinant of modifiable 

health behaviors, including cigarette smoking and physical activity (PA). As a result, a large 

number of observational studies have emerged in recent years addressing the effect of social 

networks on cigarette smoking and PA as evidence to inform behavioral intervention 

design.(134–138)  

 Extensive studies and theories suggest that individual health behaviors are correlated 

within a social network, especially among adolescents.(52–54) Such findings have commonly 

been explained through mechanisms such as perceived social norm and perceived peer 

pressure.(55),(56),(57) Moreover, different from other stages throughout life-course, 

adolescence is a time period where individuals are most susceptible to social influence, 

highlighting the need to further explore the impact of social network on health behaviors in 

adolescents.(139)  

 Despite the importance of the role of social networks to influence health behaviors, the 

term “social network” has been used loosely across previous studies. A majority of empirical 

studies in sociology have focused on the definition of social network as the set of actors and 

relational ties amongst them, and have been often conducted by social network analysis (SNA), 
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where individuals’ social relations are captured through a graph. Measures of interest from SNA 

include network structural characteristics such as network size, density and clustering. Existing 

studies using SNA to study modifiable health behaviors mainly addressed questions about how 

individual-level characteristics and behaviors affect the network formation process and 

ultimately the network structure.(140,141) Contrastingly, observational studies in epidemiology 

often address the question of how the social networks affect individual-level characteristics and 

behaviors, where perceived social support measured with the Social Network Index (SNI) was 

often used to address such question without obtaining individual-level relational data.(142,143)  

Nonetheless, a limited number of studies to date examined the relationship between network 

structural characteristic and individual health behavior, utilizing measures from SNA. 

 Different from SNI metrics that reflect perceptions of network from an individual point of 

view, measures derived from SNA can function as quantitative proxy for several sociological 

theoretical constructs that are key to mechanisms linking social network to population level 

distributions of health behaviors. For example, local clustering coefficient, an individual-level 

measure of how clustered the network is around each individual, has been shown to be 

indicative of behavior diffusion on a social network.(58) Therefore, measures from SNA provide 

an excellent opportunity to elucidate mechanisms linking social network characteristics to 

population level distributions of health behavior in observational studies.  

 Using the National Longitudinal Study of Adolescent to Adult Health (Add Health) Wave I 

and Wave III data, this study aims to explore individual and network-level predictors of cigarette 

smoking and PA. Utilizing both the relational data obtained from friendship nomination survey 

and perceived social support from in-person interviews, this study will first obtain individual-level 

network structural characteristics from social network analysis and assess the associations 

between network measures and both PA and cigarette smoking behavior at Wave I. In addition, 

associations between network characteristics at Wave I and PA/cigarette smoking behaviors at 

Wave III will be assessed to investigate whether social network characteristics during 
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adolescence are associated with individual health behaviors later in life.  We hypothesize that 

social network characteristics are associated with both individuals’ present health behaviors as 

well as their behaviors later in life. Results from this study will be able to provide further insights 

into whether social network characteristics play a role in shaping population level patterns of PA 

and cigarette smoking in order to inform future behavioral intervention design.  

 

Methods 

Study Population 

 The Add Health study is a longitudinal cohort study that enrolled a nationally 

representative sample of adolescents in the United States between grades 7 and 12 at 

baseline.(108) It was originally designed to facilitate a multidisciplinary approach to better 

understand causes of adolescent health behavior and outcomes throughout multiple 

developmental phases. At baseline (Wave I, 1993-1994), 20745 respondents completed an in-

school interview and an at-home interview to collect information including health behaviors, and 

household and neighborhood-related characteristics. Respondents’ parents were invited to 

complete interviews regarding parental sociodemographic background and household-level 

socioeconomic information. At Wave III (2001-2002), similar information on individual health 

behaviors was collected through in-home interviews. 

 All 20745 baseline participants completed a friendship nomination survey. Out of these 

20745 baseline participants, 15760 individuals also participated in the friendship network survey 

either as a nominator (ego) or someone being nominated (alter). In the friendship nomination 

survey, individuals were invited to nominate up to 5 female close friends and 5 male friends. 

Throughout this manuscript, the nominator will be referred to as ego and the nominated friend 

will be referred to as alter for descriptive purposes. (Supplemental Table 3-1)  
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Eligible study participants included in the analysis to assess associations between social 

network structural characteristics and PA/cigarette smoking behaviors at Wave I included all 

Wave I study participants that were either an ego or an alter in the friendship nomination survey 

and had reported behavioral information regarding either cigarette smoking or PA. (N = 15760, 

Supplemental Figure 3-1) Individuals that did not participate in the baseline friendship 

nomination survey, did not nominate any other Add Health participant among their friends or 

only nominated friends that had an unspecified ID in the Add Health dataset, or had missing 

information on cigarette smoking or PA were excluded. For additional analyses assessing the 

association between network characteristics at Wave I and PA/cigarette smoking level at Wave 

III, we further excluded individuals that did not participate in Wave III and those without cigarette 

smoking or PA information at Wave III from eligible study participants in the previous analysis. 

(N = 14986, Supplemental Figure 3-1) 

 Definitions of relevant terminology used across this study are listed in Supplemental 

Table 3-1. Use of the data was reviewed and approved by the Institutional Review Board at 

Emory University and the Add Health study review boards. 

 

 Cigarette Smoking. Survey respondents were asked to self-report cigarette smoking 

behaviors during in-school and in-home interviews during both Wave I and Wave III. Questions 

regarding lifetime history of cigarette smoking and past 30-day (p30-day) cigarette smoking 

behavior were asked. In Wave I, the following questions were asked to determine respondents’ 

current smoking status:1) Have you ever tried cigarette smoking, even just 1 or 2 puffs? 2) Have 

you ever smoked cigarettes regularly, that is, at least 1 cigarette every day for 30 days? 3) 

During the past 30 days, on how many days did you smoke cigarettes? In Wave III, the following 

questions were asked: 1) Have you ever tried cigarette smoking, even just one or two puffs? 2) 

Have you ever smoked an entire cigarette? 3) Have you smoked at all in the past 30 days? 4) 

During the past 30 days, on how many days did you smoke cigarettes? Based on these sets of 
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questions, respondents were categorized as current smoker and current non-smoker. Current 

smokers were defined as those that have tried cigarettes and smoked cigarettes in the past 30 

days. Otherwise, respondents were categorized as current non-smoker. In addition, whether 

smokers were present in the household during Wave I was reported as a binary response.  

 

 Physical Activity. Study respondents were asked to self-report their weekly frequency 

(times per week) of a series of standard physical activities including: jogging, walking, karate, 

jumping rope, gymnastics, dancing, roller-blading, roller-skating, skate-boarding, bicycling, or 

active sports. Previous studies(109),(110) have frequently used the definition of moderate-

vigorous leisure-time physical activity through approximating number of metabolic equivalents. 

In this study, instead of using number of metabolic equivalents approximated, we generated a 

physical activity score corresponding to self-reported physical activity frequency of each 

questionnaire item to account for change in questionnaire designs. During Wave I, the following 

three questions were asked: During the past week, 1). how many times did you exercise, such 

as jogging, walking, karate, jumping rope, gymnastics or dancing? 2). how many times did you 

go roller-blading, roller-skating, skate-boarding, or bicycling? 3). how many times did you play 

an active sport, such as baseball, softball, basketball, soccer, swimming, or football? During 

Wave III, a total number of eight questions with a larger number of activities included were 

asked to determine the weekly physical activity level of an individual: During the past seven 

days, 1). how many times did you bicycle, skateboard, dance, hike, hunt, or do yard work? 2). 

how many times did you go to an exercise or fitness center to exercise or work out? 3). how 

many times did you participate in gymnastics, weight lifting, or strength training? 4). how many 

times did you participate in individual sports such as running, wrestling, swimming, cross-

country skiing, cycle racing, or martial arts? 5). how many times did you participate in strenuous 

team sports such as football, soccer, basketball, lacrosse, rugby, field hockey, or ice hockey? 

6). how many times did you play golf, go fishing or bowling, or play softball or baseball? 7). how 
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many times did you roller blade, roller skate, downhill ski, snow board, play racquet sports, or do 

aerobics? 8). how many times did you walk for exercise? To standardize across both waves, if 

reported frequency was zero in the past seven days for each question, then the score was 

assigned as zero. If frequency was either once or twice in the past seven days, then the score 

was assigned as 1.5. Otherwise a score of 3.5 was assigned. A summary physical activity score 

was generated by summing up physical activity scores across all questionnaire items at each 

wave. Additionally, a standardized physical activity score across all five waves was generated 

by dividing the summary score by number of activities included in each wave’s questionnaire to 

account for an increased number of activities included in questionnaires starting Wave III. 

Detailed questionnaires corresponding to tobacco use behavior and physical activity are 

available on https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata. 

 

Other Variables of Interest  

 Socio-demographic Characteristics. Socio-demographic variables of interest included 

biological sex, race/ethnicity, parental education and household income reported at baseline 

visit. Survey respondents self-identified as White, African American, Hispanic, Asian/Pacific 

Islander/Native American/Alaska Indians, or Others. Highest level of parental education 

obtained by 1994 was reported. Respondents’ parents were further dichotomized as having 

received a degree no more than high school or having received a degree beyond high school. In 

addition, total household pre-tax income including welfare benefits, dividends, and others was 

reported. A three-level ordinal variable was generated based on tertiles of reported household 

income.  

 

 Baseline Socio-psychological Characteristics. All respondents that participated in the in-

home interview at Wave I were asked about whether they felt safe in the current neighborhood 

and whether they had access to a fitness or recreational center in the neighborhood. Perceived 

https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata
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peer support was captured during baseline in-home interviews through questions on whether 

respondents felt cared for by friends. 

 Respondents’ Alter Characteristics. Friendship nomination survey respondents’ alter 

information was linked to in-person interview surveys at Wave I to obtain alters’ cigarette 

smoking behavior and physical activity score. Since every study participant was invited to 

nominated up to 10 friends, the mean of nominated friends’ physical activity scores was 

obtained and included in the final analysis. In addition, an indicator variable of having nominated 

at least one friend who was a smoker was included in the final analysis.  Detailed in-person 

interview and friendship nomination questionnaires are available on 

https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata.  

 

Social Network Analysis 

 At Wave I, out of 15760 eligible study participants, there were 14700 ego that nominated 

a specified friend that also participated in the Add Health study. Based on friendship 

nominations, an ego-centric social network was constructed to identify in-degree centrality and 

local clustering coefficient. 

 

• In-degree centrality can be considered a measure of popularity within the network. It was 

calculated as the total number of nominations directed towards the respondent.   

• Local clustering coefficient is a measure that captures the extent to which individuals 

within a social network tend to cluster together. It was calculated as:  

Cnode = 2𝑵𝑵(𝑣𝑣)
𝐾𝐾(𝑣𝑣)(𝐾𝐾(𝑣𝑣)−1)

 , where N(v) represents total number of network ties of each node and 

K(v) represents total number of network ties of each node’s direct network connection.  

 

Statistical analysis 

https://www.cpc.unc.edu/projects/addhealth/documentation/publicdata
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 The association between social network structural characteristics and individual cigarette 

smoking at Wave I was assessed using binary logistic regression, adjusting for individual socio-

demographic characteristics, presence of smoker in the household, perceived peer support, and 

friend’s smoking behavior. We first evaluated the association of network characteristics and 

individual smoking behavior without adjusting for friend’s smoking behavior. Then we 

additionally assessed the association between network characteristic and individual smoking 

behavior, adjusting for friend’s smoking behavior to see if the observed association between 

network structural characteristics and individual smoking behavior could be partially explained 

by friend’s smoking behavior. In parallel, the association of social network structural 

characteristics with PA was assessed with multiple linear regression following a similar 

adjustment approach. To evaluate the effect of early life network characteristics on cigarette 

smoking behavior later in life, association between network characteristics at Wave I and 

cigarette smoking behaviors at Wave III was assessed using binary logistic regression, 

adjusting for friend’s smoking behavior at Wave I, individual’s smoking behavior at Wave I and 

socio-demographic characteristics. Similarly, for physical activity, the association between 

network characteristics at Wave I and the standardized physical activity score was assessed, 

adjusting for neighborhood factors, individual socio-demographic characteristics and friend’s 

physical activity level using multiple linear regression. Additional analysis evaluating the 

association between network characteristics at Wave I and PA level at Wave III was also 

performed using multivariate linear regression, adjusting for friend’s physical activity level at 

Wave I and individual socio-demographic characteristics. Furthermore, we tested the statistical 

interactions between network characteristics and friend’s health behaviors by including a 

multiplicative interaction term in the models mentioned above for both PA and cigarette 

smoking. We hypothesized that both local clustering coefficient and in-degree centrality would 

be associated with cigarette smoking/PA behavior at Wave I, even after adjusting for friend’s 
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behavior. In addition, in-degree centrality and friend’s behavior at Wave I would be predictive of 

individual’s health behaviors at Wave III. All analyses were performed in R 3.5.2. 

 

Results 

 A total number of 15760 individuals were included in the analysis (mean age = 15.6 yrs, 

Table 3-1). Out of the 15760 individuals, 14700 were egos that nominated at least one 

individual with specified ID in the baseline survey and 1060 were additional alters with matching 

ID in the baseline survey that did not nominate anyone but were nominated by egos during 

Wave I friendship nomination survey. The proportion of female versus male was comparable (N 

= 8025, 51% females) and 54% of respondents were non-Hispanic white. With regards to 

household information, 42% reported parents receiving an education less than high school. In 

addition, 45% reported having a smoker in the household. With regards to neighborhood 

environment, only 21% reported having access to a recreational center in the neighborhood 

whereas close to 90% individuals reported feeling safe in the neighborhood. Almost everyone 

reported perceived care from friends (N = 15367, 98%). Mean physical activity level was 

comparable amongst ego and nominated alter (mean = 0.38, Table 3-1). Interestingly, the 

proportion of smokers was higher in nominated friends (40%) as compared to that in ego (25%, 

Table 3-1). 

 

Association between Social Network Characteristics at Wave I and Cigarette Smoking 

Behavior/Physical Activity at Wave I  

 Before adjusting for friend’s smoking behavior, in-degree centrality of network at Wave I 

was associated with respondents’ smoking behavior at Wave I. Per unit increase in in-degree 

centrality was associated with an increased odds of the respondent being a smoker (OR = 1.05, 

95% CI: 1.02,1.07, Table 3-2). However, local clustering coefficient was not associated with 

respondent’s cigarette smoking behavior at Wave I (OR = 0.96, 95% CI: 0.70, 1.33, Table 3-2).  
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After further adjusting for friend’s smoking behavior at Wave I, such findings remained. Only in-

degree centrality at Wave I was significantly associated with respondent’s smoking behavior 

when adjusting for friend’s smoking behavior, individual socio-demographic information and 

presence of smoker in the household. (OR = 1.07, 95% CI: 1.03, 1.10). 

 With regards to PA, both local clustering coefficient and in-degree centrality were 

associated with respondent’s PA level at Wave I when not adjusting for friend’s PA level. (Table 

3-3) However, when additionally adjusting for friend’s PA level, only in-degree centrality (0.006, 

95% CI: 0.004, 0.008) but not local clustering coefficient (-0.016, 95% CI: -0.060, 0.026) was 

significantly associated with respondent’s PA level at Wave I. Higher in-degree centrality was 

associated with higher PA level among respondents when adjusting for friend’s PA level, 

individual socio-demographic characteristics and neighborhood characteristics.  

 In addition to network characteristics, nominated friend’s behaviors, both cigarette 

smoking and PA at Wave I, was consistently associated with respondents’ behavior. In the fully 

adjusted model including network characteristics, having nominated a smoker as a friend was 

associated with 3 times increased odds of respondent being a smoker (OR = 3.47, 95% CI: 

2.94, 4.09). For PA, higher friend’s PA level was also associated with an increased PA level of 

respondent (0.11, 95% CI: 0.08, 0.14).  

 

Association between Social Network Characteristics at Wave I and Cigarette 

Smoking/Physical Activity at Wave III 

 We further assessed whether network characteristics and network connections’ behavior 

during adolescence (Wave I) would have an enduring impact on respondents’ health behavior in 

young adulthood (Wave III). Findings from our model showed that neither in-degree centrality 

nor local clustering coefficient were associated with respondent’s smoking behavior as young 

adult (Table 3-4). However, respondents that nominated at least one smoker as a friend at 

Wave I were 1.5 times more likely to be a smoker at Wave III as compared to those that did not 
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(OR = 1.48, 95% CI: 1.18, 1.86). After testing for statistical interactions between network 

characteristics and friend’s smoking behavior, we did not find the interaction to be statistically 

significant (p for interaction between local clustering coefficient and friend’ smoking behavior = 

0.27, p for interaction between in-degree centrality and smoking = 0.15). Different from findings 

on cigarette smoking, we did not find an association between friend’s PA level during 

adolescence and individuals’ PA level later in life (0.001, 95% CI: -0.003, 0.004; Table 3-5). 

Nevertheless, higher in-degree centrality at Wave I was associated with higher PA level for 

young adult (0.004, 95% CI: 0.001, 0.007). Similarly, the statistical interactions between network 

characteristics and friend’s PA level were not significant (p for interaction between local 

clustering coefficient and friend’ smoking behavior = 0.76, p for interaction between in-degree 

centrality and smoking = 0.07) 

 

Discussion 

 Our results indicate that in-degree centrality, a commonly used network measure 

indicating one’s network position or popularity, was associated with both cigarette smoking and 

PA among adolescents. Local clustering coefficient, as an indication of whether one’s friends 

also know each other and presence of clique around an individual, was associated with PA but 

not with cigarette smoking. Notably, friend’s smoking behavior during adolescence was 

predictive of individual’s smoking’s behavior in young adulthood whereas for physical activity, a 

higher in-degree centrality in adolescence was associated with higher PA level in young 

adulthood.  

 Results from our study did not show a significant association between individual level 

network clustering and cigarette smoking behavior among adolescents. Even though various 

studies have shown that adolescent smokers tend to form cliques within the social network due 

to peer influence(144), one study investigating the role of peer group structure and adolescent 

cigarette use has also shown that members of friendship groups are more likely to be non-
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smokers than individuals that do not have a social group membership.(145)  In addition, 

evidence from a systematic review has suggested that social isolation is associated with 

adolescent smoking.(146)  

 Collectively, finding from our study might be because some adolescent smokers were 

not forming cliques due to perception of smoking as a non-normative behavior, thus leading to 

the observation of null result. Meanwhile, consistent with existing studies(147),(148), our finding 

showed that higher in-degree centrality is associated an increased likelihood of one being a 

smoker. One mechanistic hypothesis is that if smoking is the perceived social norm amongst 

social groups that have popular individuals as smokers, popular individuals are more likely to 

continue being a smoker in order to maintain their social status. (148,149)  For physical activity, 

even though one study has shown that social group formation contributes to higher PA level due 

to social support and internalized social identity associated with higher levels, (150) our findings 

showed that there was no association between local clustering coefficient and PA level. It could 

be potentially because of higher proportions of individual activities included in the PA 

questionnaire as compared to group activities. Similar to cigarette smoking, one possible 

explanation for our finding on association between in-degree centrality and PA is that individuals 

that engage in PA are more likely to be more socially connected and establish a social identity, 

which in turn further promotes engagement in PA level. (150) Consistent with our finding, one 

study has also shown that social position as captured with network centrality measures is 

associated with PA using an online social network database. However, different from cigarette 

smoking, extremely limited number of studies have investigated the association between 

network characteristics and PA overall.(151) 

 Existing studies and theories in developmental psychology and sociology have 

suggested that social influence during adolescence is critical to formation of social 

identity(152,153), which can further influence one’s long-term engagement in cigarette smoking 

and physical activity by promoting positive affect associated with these behaviors. In our study, 
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we hypothesized that in-degree centrality, as a measure that can capture one’s social identity 

within the social network at a younger age might be predictive of one’s smoking/PA level later in 

young adulthood. Consistent with one previous study that found an association between 

centrality measure and sports engagement later in life(154), our study showed that in-degree 

centrality was predictive of higher PA level later in life. However, we did not find an association 

between network characteristics during adolescence and smoking behavior in young adults. It 

could be because of the complex process of smoker identity development. Peer influence plays 

an important role in shaping smoker identity during adolescence(155) whereas smoker identity 

formation during young adulthood is more reliant upon individual rationalization.(156)  

 Our study is one of the first studies that investigated the association between network 

structural characteristics and cigarette smoking/PA behaviors in adolescents, as well as long-

term impact of network characteristics in adolescence upon health behaviors in young 

adulthood. However, several limitations need to be acknowledged. First, we excluded 

individuals that nominated friends with unspecified ID. Adolescents who chose not to disclose 

their friends’ names might be different from those who did in terms of social engagement, which 

might lead to biased estimates, especially for physical activity. Second, the cross-sectional 

nature of the analysis investigating the association between network characteristics and both 

behaviors did not allow us to explore whether observed association could be due to peer 

friendship selection at Wave I. Last but not the least, due to the self-reported nature of the 

survey among adolescents, current smoking in the study population could be under-reported. In 

addition, due to changes in survey design, we used a standardized physical activity score as a 

measure for physical activity level. The validity of such instrument needs to be further assessed 

in future research.  

 

Conclusion  
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 Using a large nationally representative sample of adolescents, our study showed that an 

individual’s social position, measured as in-degree centrality, is associated with both adolescent 

cigarette smoking behavior and physical activity. In addition, one’s social position during 

adolescent is a significant predictor of physical activity level in young adult. Such findings 

collectively emphasize the potential of using community / network-based intervention for 

smoking cessation and physical activity promotion as well as the importance of early 

intervention during adolescence for healthy behavior promotion later in life.  

  



54 
 

Table 3-1. Baseline Characteristics of Eligible Study Participants 

 Study Population 
Characteristics 

N  15760 
Age (yrs) 15.6 (1.70)  
Socio-demographic Characteristics: N (%)  
Female 8025 (51) 
Race/Ethnicity 
Non-Hispanic White 8498 (54) 
Non-Hispanic Black 3125 (20) 
Hispanic 2506 (16) 
Other 1631 (10) 
Parental Education (Less than High school) 6343 (42) 
Presence of smoker in household 5999 (45) 
Access to recreational center in neighborhood  3263 (21) 
Feel safe in the neighborhood  14049 (89) 
Perceived friends’ care 15356 (98) 
Current smoker 4016 (25) 
Standardized Physical Activity Score: Mean (sd) 0.38 (0.23) 
Social Network Characteristics  
Mean Degree Centrality  3.06 (2.99) 
# unique ties nominated  34151 
Nominated Alters’ Characteristics   
Current Smoker 1572 (40) 
Standardized Physical Activity Score: Mean (sd) 0.39 (0.22) 
*sd: standard deviation 
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Table 3-2. Association of Individual and Social Network Characteristics and Cigarette Smoking 
Behavior at Wave I, the Add Health Study 
  

Odds Ratio (95% CI) 
Model 1 Female 0.98 (0.91, 1.05)  

Race (reference = Non-Hispanic White)  
 

 
Non-Hispanic Black 0.27 (0.24, 0.31)  
Hispanic 0.50 (0.45, 0.56)  
Others 0.55 (0.49, 0.63)  
Age  1.22 (1.20, 1.26) 

 
Model 2 Having at least one nominated friend as a smoker 3.46 (2.93, 4.08) 
 Female 0.95 (0.81, 1.11) 
 Age  1.15 (1.10, 1.20)  

Race (reference = Non-Hispanic White)  
 

 
Non-Hispanic Black 0.39 (0.30, 0.50)  
Hispanic 0.69 (0.54, 0.87)  
Others 0.79 (0.61, 1.01) 

 Parent education less high school  1.15 (0.97, 1.36) 
 Parental income (reference = first tertile)  
 Second Tertile 1.16 (0.95, 1.42) 
 Third Tertile  1.05 (0.85, 1.30)  

Perceived care from friends at Wave I 0.84 (0.47, 1.52)  
Presence of smoker in household at baseline 2.32 (1.97, 2.72) 

 
Model 3 In-degree Centrality at Wave I* 1.05 (1.02, 1.07) 
 Local Clustering Coefficient at Wave I** 0.96 (0.70, 1.33) 
 Age  1.23 (1.20, 1.26)  

Female 0.97 (0.89, 1.05)  
Race (reference = Non-Hispanic White)  

 
 

Non-Hispanic Black 0.30 (0.26, 0.35)  
Hispanic 0.57 (0.50, 0.65)  
Others 0.67 (0.58, 0.78) 

 Parent education less high school  1.17 (1.07, 1.28) 
 Parental income (reference = first tertile)  
 Second Tertile 1.01 (0.90, 1.12) 
 Third Tertile  1.04 (0.93, 1.16)  

Perceived care from friends at Wave I 0.85 (0.63, 1.15)  
Presence of smoker in household at baseline 2.18 (2.00, 2.37)  
  

Model 4 In-degree Centrality at Wave I* 1.07 (1.03, 1.10) 
 Local Clustering Coefficient at Wave I** 0.82 (0.48, 1.40) 
 Having at least one nominated friend as a smoker 3.47 (2.94, 4.09) 
 Age  1.14 (1.08, 1.19) 
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 Female 0.94 (0.81, 1.10) 
 Race (reference = Non-Hispanic White)   
 Non-Hispanic Black 0.41 (0.32, 0.53) 
 Hispanic 0.70 (0.55, 0.89) 
 Others 0.78 (0.61, 1.01) 
 Parent education less high school  1.14 (0.97, 1.35) 
 Parental income (reference = first tertile)  
 Second Tertile 1.13 (0.92, 1.38) 
 Third Tertile  1.03 (0.84, 1.28) 
 Perceived care from friends at Wave I 0.80 (0.44, 1.45) 
 Presence of smoker in household at baseline 2.31 (1.97, 2.71) 
Model 1: Logistic regression adjusted for age, and sociodemographic characteristics 
Model 2: Logistic regression adjusted for age, sociodemographic characteristics, alter’s 
smoking behavior 
Model 3: Logistic regression adjusted for age, sociodemographic characteristics, and social 
network characteristics 
Model 4: Logistic regression adjusted for age, sociodemographic characteristics, alter’s 
smoking behavior and social network characteristics 
*In-degree Centrality has the unit of 1 connection. 
**Local Clustering Coefficient is a ratio bounded between 0 and 1. LCC has a mean of 0.4 
and standard deviation of 0.13.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



57 
 

Table 3-3. Association of Individual and Social Network Characteristics and Physical Activity 
Level at Wave I, the Add Health Study 
  

 physical activity score 
(95% CI) 

Model 1 Female -0.098 (-0.105, -0.092)  
Race (reference = Non-Hispanic White)    
Non-Hispanic Black -0.019 (-0.027, -0.010)  
Hispanic -0.011 (-0.020, -0.001)  
Others 0.001 (-0.010, 0.012)  
Age  -0.033 (-0.034, -0.031) 

 
Model 2 Friend’s physical activity level 0.12 (0.09, 0.15) 
 Female -0.079(-0.092, -0.066) 
 Age  -0.032 (-0.035, -0.027)  

Race (reference = Non-Hispanic White)    
Non-Hispanic Black -0.015 (-0.033, 0.003)  
Hispanic 0.006 (-0.014, 0.025)  
Others 0.021 (0.000, 0.042) 

 Parent education less high school  -0.012 (-0.026, 0.002) 
 Parental income (reference = first 

tertile) 
 

 Second Tertile 0.001 (-0.016, 0.018) 
 Third Tertile  0.005 (-0.012, 0.023)  

Perceived care from friends at Wave I 0.008 (-0.041, 0.057) 
 Access to recreational center in the 

neighborhood 
0.075 (0.059, 0.091) 

 
Feeling safe in the neighborhood 0.017 (-0.006, 0.041) 

 
Model 3 In-degree Centrality at Wave I* 0.006 (0.004, 0.008) 
 Local Clustering Coefficient at Wave 

I** 
-0.046 (-0.074, -0.018) 

 Age  -0.034 (-0.037, -0.032)  
Female -0.092 (-0.100, -0.085)  
Race (reference = Non-Hispanic White)    
Non-Hispanic Black -0.018 (-0.028, -0.009)  
Hispanic -0.004 (-0.015, 0.008)  
Others -0.003 (-0.016, 0.010) 

 Parent education less high school  -0.021 (-0.029, -0.013) 
 Parental income (reference = first 

tertile) 
 

 Second Tertile 0.010 (0.000, 0.019) 
 Third Tertile  0.022 (0.013, 0.032) 
 Access to recreational center in the 

neighborhood 
0.077 (0.068, 0.086) 
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 Feeling safe in the neighborhood 0.016 (0.003, 0.029)  
Perceived care from friends at Wave I 0.010 (-0.016, 0.036) 

   
Model 4 In-degree Centrality at Wave I* 0.007 (0.004, 0.010) 
 Local Clustering Coefficient at Wave 

I** 
-0.016 (-0.060, 0.026) 

 Friend’s physical activity level 0.11 (0.08, 0.14) 
 Age  -0.032 (-0.036, -0.028) 
 Female -0.080 (-0.093, -0.067) 
 Race (reference = Non-Hispanic White)   
 Non-Hispanic Black -0.010 (-0.028, 0.008) 
 Hispanic 0.008 (-0.012, 0.027) 
 Others 0.020 (-0.001, 0.041) 
 Parent education less high school  -0.013 (-0.027, 0.001) 
 Parental income (reference = first 

tertile) 
 

 Second Tertile -0.001 (-0.018, 0.015) 
 Third Tertile  0.004 (-0.013, 0.021) 
 Perceived care from friends at Wave I 0.003 (-0.045, 0.052) 
 Access to recreational center in the 

neighborhood 
0.072 (0.056, 0.088) 

 Feeling safe in the neighborhood 0.018 (-0.010, 0.041) 
Model 1: Linear regression adjusted for age, and sociodemographic characteristics 
Model 2: Linear regression adjusted for age, sociodemographic characteristics, neighborhood 
characteristics and alter’s physical activity level 
Model 3: Linear regression adjusted for age, sociodemographic characteristics, neighborhood 
characteristics, and social network characteristics 
Model 4: Linear regression adjusted for age, sociodemographic characteristics, neighborhood 
characteristics, alter’s physical activity level and social network characteristic* 
*In-degree Centrality has the unit of 1. 
**Local Clustering Coefficient is a ratio bounded between 0 and 1. LCC has a mean of 0.4 
and standard deviation of 0.13.  
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Table 3-4. Association of Early Life Social Network Characteristics and Cigarette Smoking 
Behavior in Young Adulthood, the Add Health Study 

 
Odds Ratio (95% CI) 

Age at Wave III  0.87 (0.82, 0.92) 
Female 0.61 (0.50, 0.73) 
Race (reference = Non-Hispanic White)   
Non-Hispanic Black 0.38 (0.29, 0.50) 
Hispanic 0.53 (0.39, 0.71) 
Others 0.67 (0.49, 0.91) 
Parent education less high school  1.18 (0.96, 1.45) 
Parental income (reference = first tertile)  
Second Tertile 0.87 (0.68, 1.11) 
Third Tertile  0.96 (0.75, 1.24) 
Presence of smoker in household at baseline 1.64 (1.35, 1.99) 
Local Clustering Coefficient at Wave I* 1.20 (0.63, 2.27) 
In-degree Centrality at Wave I** 0.98 (0.94, 1.02) 
Being a Smoker at Wave I 6.77 (5.39, 8.50) 
Having at least one friend as a smoker at Wave I 1.48 (1.18, 1.86) 
Model: Logistic regression adjusted for age, sociodemographic characteristics, cigarette 
smoking behavior at Wave I, alter’s smoking behavior at Wave I and social network 
characteristics 
*Local Clustering Coefficient is a ratio bounded between 0 and 1. LCC has a mean of 0.4 
and standard deviation of 0.13. 
**In-degree Centrality has the unit of 1. 
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Table 3-5. Association of Early Life Social Network Characteristics and Physical Activity Level in 
Young Adulthood, the Add Health Study 

 
Physical Activity Score 

(95% CI) 
Age at Wave III  -0.003 (-0.008, 0.002)  
Female -0.078 (-0.095, -0.061) 
Race (reference = Non-Hispanic White)   
Non-Hispanic Black 0.035 (0.012, 0.058) 
Hispanic 0.042 (0.019, 0.066) 
Others 0.018 (-0.008, 0.044) 
Parent education less high school  -0.006 (-0.024, 0.012) 
Parental income (reference = first tertile)  
Second Tertile 0.027 (0.007, 0.048) 
Third Tertile  0.026 (0.004, 0.047) 
Local Clustering Coefficient at Wave I*  -0.010 (-0.06, 0.04) 
In-degree Centrality at Wave I** 0.004 (0.001, 0.007) 
Physical activity level at Wave I 0.12 (0.08, 0.16) 
Friend’s physical activity level at Wave I 0.001 (-0.003, 0.004) 
Model: Linear regression adjusted for age at Wave III, sociodemographic 
characteristics, physical activity level at Wave I, alter’s physical activity level at 
Wave I and social network characteristic at Wave I 
*Local Clustering Coefficient is a ratio bounded between 0 and 1. LCC has a 
mean of 0.4 and standard deviation of 0.13. 
**In-degree Centrality has the unit of 1. 
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Supplemental Table 3-1. Terminology and Definition for Social Network Analysis 

  
 

 

 

 

 

 

 

 

 

 

 

 

  

Terminology Definition and Calculation Methods 
Ego Individuals that nominated others in the friendship network survey 
Alter Individuals that were nominated in the friendship network survey   
Node A vertex used to represent a student on a network graph 
Tie A link/connection between two nodes on a network graph 
Edge A line used to represent a link between a pair of nodes on a network 

graph 
Degree Number of connections a node has to other nodes on a network graph 
Ego-centric Network The type of network that maps the connections from ego’s perspective 
Network Structural Features 
In-Degree Centrality  Sum of number of friendship ties directing towards ego 
Local Clustering 
Coefficient 

Fraction of a pair of nodes’ friends that are also friends with each other 
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Supplemental Figure 3-1. Inclusion Criteria of Study Population  

 

  Wave I Study Participants 
(N = 20745, Mean age = 15 yrs) 

Eligible study participants Criteria for Cross-sectional Analysis at Wave I 
1). Participated in friendship nomination survey and either nominated a friend with a 

specified matching ID at baseline survey or was nominated with a matching ID at 
baseline survey 

2). Had complete information on either cigarette smoking and physical activity at Wave I 
(N = 15760, Mean age = 15 yrs) 

 

Eligible study participants Criteria for Longitudinal Analysis Using Wave I 
and III of Add Health Study  

1). Participated in friendship nomination survey and nominated a specified friend that 
also participated in baseline survey 

2). Had complete information on either cigarette smoking or physical activity at Wave I 
3). Had complete information on either cigarette smoking or physical activity at Wave III 

(N = 14986, Mean age = 22 yrs) 
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Chapter 4: From Individual Will to Population Outcomes: a Complex Systems Framework 

to Evaluate Behavioral Intervention Effectiveness on Social Networks 

 

Introduction 

 Cardiovascular disease (CVD) remains a leading cause of death in the United States 

and worldwide.(157) Modifiable behavioral risk factors such as physical activity, tobacco use 

and sedentary behaviors provide an excellent opportunity for CVD prevention and 

intervention.(157) Nevertheless, identifying an optimal intervention strategy targeting modifiable 

health behaviors still faces tremendous obstacles in the public health field, especially due to 

challenges in effectiveness evaluation.(158)  

 A comprehensive evaluation of interventions targeting modifiable behaviors is a 

multifaceted problem. An intervention targeting modifiable behavioral risk factors can be 

considered effective if it is able to address the following aspects: whether it will reach the 

targeted population as desired; and, once accessed, whether initiated behavioral change will be 

sustained to ensure long-term effectiveness. Two important, but often overlooked factors that 

affect both aspects of intervention effectiveness are social network characteristics and individual 

behavioral choices. Extensive evidence from sociology and behavioral economics suggests that 

social networks have a significant impact on information diffusion and behavioral choices.(159–

164) Such findings can have important implications for evaluations of intervention effectiveness. 

Diffusion of interventions across a population can be considered analogous to information 

diffusion over populations with a heterogeneous network structure(165,166). The type of 

intervention determines the proportion and characteristics of a population that have initial 

access to the intervention. Under this framework, whether an intervention is effective will be 

largely determined by diffusion process and individuals’ choices to adopt a behavioral change, 

given social network characteristics.  
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 Nevertheless, a comprehensive evaluation of intervention effectiveness can be 

challenging. Certain network structures, such as clustering, can facilitate information diffusion, 

but might hamper the long-term sustainment of behavioral adoption due to high levels of social 

inertia within the segregated community.(59,167,168) Leveraging these paradoxical aspects is 

extremely challenging using traditional statistical methods. In addition, the dynamic interplay 

between information diffusion and individual behavioral choices within a network can lead to 

emergence of unforeseen patterns of collective behavior,(68) which is important to consider 

when assessing the optimal population-level impact of an intervention under limited resources. 

Therefore, a complex systems approach is needed to evaluate intervention effectiveness on 

behavioral risk factors, taking into consideration the nonlinear dynamic interactions of inter-

dependent factors and emerging collective behavioral patterns on a social network.  

 To address the research question of how individual incentives and social networks affect 

behavioral intervention effectiveness respectively and collectively, we constructed several 

computational experiments using an agent-based modeling (ABM) approach to elucidate the 

mechanisms linking individual decision-making cascades, social networks and population-level 

behavioral patterns as well as extrapolating the role of these three factors on behavioral 

intervention outcomes. We will use smoking behavior as an example. Different from traditional 

statistical approach and other types of stochastic models, ABM allows for four key features that 

are crucial to the understanding of how multi-level factors affect the population level outcomes 

of behavioral interventions: a. agents’ decision-making b. feedback and interactions between 

agents and their social network c. emerging outcomes in the population level, d. “spillover 

effect” or indirect effect of the social network on individual-targeting interventions. Through 

these computational experiments, we aim to address the following research questions: a. Do 

individual incentives for behavior change affect population dynamics of smoking behavioral 

patterns? b. Does diffusion of interventions across the social network have an effect on network-

based interventions? c. How do different combinations of an initial seeding strategy and network 
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structural characteristics affect outcomes of network-based intervention? d. Given a specific 

network structure, would network-based intervention strategies or individual-targeting 

intervention strategies be more effective?  

 

Methods 

 In this study, hypothesized causal mechanisms are built into several computational 

experiments. We will use smoking as an example. Details of model parameters, model-setup, 

and key assumptions will be described in each model description section. Given the goal of this 

study to provide a novel framework and understanding of factors contributing to behavioral 

intervention outcome instead of identifying the true prevalence of smoking over time under 

different intervention scenarios, values of model parameters are hypothesized based on 

literature review and each time-step of the simulation cannot be interpreted as calendar time. 

Rather, time-steps of simulation are abstract representation of simulation process from t0 until 

simulation reaches steady-state.  

 

Overview of Computational Experiment Rationale  

 We will initialize a network of agents with agent attributes of a binary smoking status 

(“smoker”/” non-smoker”) and an inherent opinion towards smoking. (Table 4-1) At each time 

step of the simulation, agent changes its opinion based on those of its network connections and 

updates its behavior. To identify the role of individual decision making on population-level 

behavioral dynamics, we adopted the framework of the DeGroot(169) model of belief for agents’ 

behavior updating function. DeGroot’s model of belief has been widely applied in research of 

information transmission, game theory, and social learning where there is an inherent bias 

towards a type of behavior, which makes the model ideal for study of behaviors such as 

smoking, where social norm and social learning are two key components of behavior 

formation.(170) 
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 In the baseline scenario, we will establish a model that only takes into consideration the 

concept of peer influence, no individual opinion heterogeneity and smoking behavior as the 

preferred behavior in the population in absence of intervention. After the baseline model is 

established, additional heterogeneity is added by relaxing assumptions on agent’s individual will 

to alter their opinion towards smoking, which allows us to explore how individual incentives 

affect population-level opinion dynamics and ultimately smoking behavioral pattern. To assess 

the potential effectiveness of network-based intervention on a population, intervention diffusion 

was additionally introduced to the model incorporating individual incentive heterogeneity. 

Additional sensitivity analyses were performed by exploring different combinations of initial 

network structure, network-based intervention seeding strategy and agents’ openness to adopt 

new opinion to identify the optimal intervention strategy, given population network structure and 

initial prevalence of smoking. The bottom-up model building process will allow us to elucidate 

the mechanisms in terms of how individual incentive and network-based intervention affect 

population level prevalence of smoking behavior respectively and collectively.  

 

Baseline Scenario: Model Parameter 

 1000 agents were initialized on a small-world network, a class of network that most 

closely represents the network in real-life. (171) We started the baseline simulation with an 

initial prevalence of smoking as 50%. Additional sensitivity analyses with an initial prevalence of 

20% and 80% were later conducted. Agent attribute: opinion towards smoking (δ) was assigned 

according to agents’ smoking status. For smokers, agent’s opinion was randomly sampled from 

a uniform distribution within the range of [6, 10]. For non-smokers, opinion was randomly 

sampled from a uniform distribution within the range of [1,5]. Descriptions of parameters are 

listed in Table 4-1. For baseline model, no inertia score was considered.  

  

Baseline Scenario: Model Setup  
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 In the baseline scenario, all agents updated their opinion towards smoking based on the 

average of direct network connections’ opinion at the previous time step. 

δ i(t+1) = 
� δj(t)𝑛𝑛

𝑖𝑖≠𝑗𝑗,𝑗𝑗

∑ 𝐣𝐣𝑛𝑛
𝑖𝑖≠𝑗𝑗,𝑗𝑗

(eq.1) 

 

 At each time step, agents first updated their opinion based on eq.1, as modified from 

DeGroot Averaging Model(169). For smokers, if the updated opinion is greater than 5, then they 

maintained current smoking status. Otherwise, the status was altered to non-smoker. For non-

smokers, if the updated opinion is less than or equal to 5, then they maintained their non-

smoking status. There is one key assumption to our baseline model. We assumed that no agent 

possessed an individual will to decide their behavioral choice. This assumption was used to 

approximate an extreme condition where peer influence is the only factor affecting individual’s 

behavior. Use of this assumption allowed us to illicit the role of individual level heterogeneity on 

population level outcomes.  

 

Experiment 1: Impact of individual decision-making to adopt a new idea on population-

level smoking behavior pattern 

 Similar to baseline scenario, 1000 agents were initialized on a small-world network with 

an initial smoking prevalence of 50%, as well as agent attribute of opinion towards smoking. 

  

δ i(t+1) = 
𝜔𝜔×δ i(t) +  � (1− 𝜔𝜔)δj(t)𝑛𝑛

𝑖𝑖≠𝑗𝑗,𝑗𝑗

𝜔𝜔+� (1− 𝜔𝜔)𝐣𝐣𝑛𝑛
𝑖𝑖≠𝑗𝑗,𝑗𝑗

 (eq.2) 

 For each time step of the simulation, agents updated their opinion based on a convex 

combination as shown in eq. 2(169). Different from baseline scenario, individual’s incentive to 

adopt a new idea was factored into agents’ updating function. An additional agent attribute – 

inertia (𝜔𝜔), defined as the reluctance to adopt any new information, was generated as a random 
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variable following a beta distribution of β (3,3). (Table 4-1) This combination allowed for 

exploration of the role of individual’s will in facilitating decision making in a social setting, where 

agents rely on social heuristics to make decisions regarding behavior.(172) In addition, with a 

sampling distribution of β (3,3), we assumed the population to be neutral towards adopting a 

new behavior, given the sample mean of inertia around 0.5. Similar to the baseline scenario, 

agents’ smoking status was updated at every time step based on updated opinion. Results from 

this experiment were then compared to those from the baseline scenario to identify the impact 

of individual decision-making on population-level smoking behavior pattern. The key assumption 

to this model is that we assumed agents were able to “quantify” the weight it assigns to its own 

opinion as supposed to those of its connections. Embedding this assumption in the model 

allowed us to implicitly embed a decision-making process of weighing agent’s initial opinion 

against other’s opinion, which can be extrapolated to a decision cascade in deciding whether 

one should adopt a new opinion associated with intervention.  

 

Experiment 2: Impact of a network-based targeted intervention on population smoking 

behavioral patterns  

 Similar to Experiment 1, 1000 agents were initialized on a small-world network with the 

same distribution of initial prevalence of smoking, opinion towards smoking and levels of inertia. 

To evaluate the impact of a network-based targeted intervention on population smoking 

prevalence, we added an additional component of intervention diffusion on the social network to 

Experiment 1. This simulation was comprised of two steps: Step 1, diffusion of intervention; 

Step 2, agents update behavior. During step 1 of the simulation, 10% of the entire population 

were assigned as initial seeding population of the intervention. Diffusion of the intervention 

followed the diffusion of a complex contagion model with a threshold of 40% based on 

literature(173). That is, at every time step, an agent adopted an intervention if greater than 40% 

of its network connection adopted an intervention in the prior time step. If the threshold lowers to 
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below 40%, agent will abandon the intervention. This design relaxed the stringent assumption of 

100% adherence to the intervention. We set the diffusion of intervention as prior to agents 

updating their opinion and smoking behavior. Upon the diffusion status of intervention got 

updated at every time step of the simulation, agents followed the following decision cascade for 

behavior update:  

 1). If agent is a smoker and has access to the intervention, then update behavior to non-

smoker. Otherwise, update opinion according to equation 2 as mentioned previously.  

 2) If agent is a non-smoker and has access to the intervention, then maintain its 

behavior, otherwise, update opinion according equation 2 as mentioned previously.  

 To further assess how diffusion of the intervention affects population level outcomes 

of network-based intervention strategies, we altered two components of experiment 2: a. initial 

seeding strategy; b. network structure. With respect to the initial seeding strategy, we compared 

the scenario of using 10% of randomly selected initial adopters of the intervention to that of 

using 10% of initial adopters ranked by top 10% of in-degree centrality. With respect to 

network structure, we first compared outcomes of both seeding strategies on an Erdos-Renyi 

Random network (ER network) with an average of 2 neighbors per node as compared to that of 

small world network used in previously experiments with an average 2 neighbors per node. ER 

network has a longer average path length and higher local clustering as compared to that of a 

small world network. Additionally, we compared outcomes of both seeding strategies on small 

world networks with different global clustering coefficients. (0.05 and 0.26 respectively) These 

two sets of simulations allowed us to evaluate the following research questions: a. given the set 

network structure, which type of initial seeding strategies would be more effective? b. given the 

set seeding strategy, would local clustering or global clustering of the network matter more to 

the long-term effectiveness of network-based intervention? There are several assumptions to 

this experiment.  First, we assumed that when an agent becomes an intervention adopter, it will 

adopt the intervention-biased behavior with a probability of 1. Second, we assumed that 
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diffusion of the intervention, even though occurring within the same time-step of simulation, is 

sequentially prior to agents’ opinion updating.  

 

Experiment 3. The joint impact of social network local-clustering and individual 

incentives on population smoking behavior pattern.  

 To further address the collective impact of the node-level network structure and 

individual incentives on outcomes of the intervention, additional sensitivity analyses on 

Experiment 2 with 𝜔𝜔 of varying beta distributions was performed. 𝜔𝜔 following a sampling 

distribution of β (2,5), resembles a condition where a proportion of the population is incentivized 

to be more open to adopt new ideas regarding behaviors whereas 𝜔𝜔 following a sampling 

distribution of β (8,2) resembles a relatively conservative population with a mean inertia score 

closer to 1, meaning a higher social inertia (i.e. higher mean population-level inertia score) for 

the community to introduce intervention for behavioral change. Interventions that aim to 

incentivize individuals were operationalized as a differing distribution of inertia score in the 

population as a proxy. Key assumptions of this experiments were the same as those in 

experiment 2.  

 

Results 

Baseline scenario 

 In the baseline scenario, we started with a hypothetical cohort of individuals with 50% of 

smoking prevalence. Each agent possessed an innate opinion towards smoking that was 

directly correlated with their smoking behavior. At the start of the simulation, the population 

mean opinion was 5.32. With peer influence on agent’s opinion as the only factor affecting 

population dynamic, given the initial prevalence of smoking of 0.5 in the population and a slight 

population-level bias towards smoking at model initiation (population mean opinion = 5.32, 

Table 4-2), we observed the convergence of behavior towards smoking as the majority behavior 
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as the model stabilized. This baseline model functioned as the reference and as an intervention-

free community of population with an established normative bias towards smoking. Additional 

sensitivity analyses were done on a hypothetical cohort with an initial prevalence of 20% and 

80%. For simulation with an initial prevalence of 0.2, we observed prevalence of smoking 

stabilized around 0.17 instead of 1. These findings further confirmed the direct effect of peer 

influence on population prevalence of smoking, conditioning upon the baseline prevalence of 

smoking behavior. (Table 4-2, Figure 4-1).  

 

Experiment 1: Impact of individual decision making on the prevalence of smoking in the 

population  

 In this simulation, agents weighed their own inherent opinion towards smoking against 

their network peers’ opinion. We tested the hypothesis that given an even mix of 50% of agents 

that were more reluctant to adopt a new opinion and 50% of agents that were more open to 

adopt a new opinion with a mean weight of initial opinion centering around 0.53, prevalence of 

smoking after simulation stabilizes would be around 50%. However, results from this experiment 

were rather counterintuitive. After 300 simulation iterations, mean population opinion towards 

smoking remained similar to the initial mean of 5.36. However, prevalence of smoking 

decreased from 0.50 to 0.38, suggesting the effect of agent’s inertia 𝜔𝜔 heterogeneity to adopt a 

new opinion is non-trivial on the population-level smoking behavior pattern. (Figure 4-2) 

Experimental condition with 𝜔𝜔 following sampling distribution of β (3,3) resembles a population 

free of intervention and neutral towards the concept of adopting a new opinion, which serves as 

an ideal reference point for simulations exploring effectiveness of network-based intervention 

strategies. 

 

Experiment 2a: Effect of network-based intervention on prevalence of smoking in 

population    
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 Simulation results from experiment 2 with varying initial seeding strategies showed that 

given a specific network structure and the condition that agents are not incentivized to adopt 

new behaviors, the diffusion of an intervention over a social network does have an impact over 

population-level outcomes of intervention. (Table 4-3) A random seeding strategy of a network-

based intervention is a good example of any intervention targeting proportions of individuals 

within the community such as a community-based campaign or school-based intervention. In 

the meantime, interventions with an initial seeding strategy of selected individuals with highest 

degree centrality resembles interventions targeting key opinion leaders and popular individuals 

within the network. Results from simulations over varying network structures suggested that 

regardless of network structure, interventions targeting central individuals are more effective 

than randomly selecting targeted individual. (Table 4-3, Figure 4-3, Figure 4-4, Figure 4-5).  

 

Experiment 2b: Effect of network structural characteristics on intervention outcomes  

 To assess the effect of network structural characteristics on intervention outcomes, we 

compared outcomes of network-based interventions on three types of networks: a small world 

network with a global clustering coefficient of 0.26, a small world network with a global 

clustering coefficient of 0.05 and an Erdos-Renyi (ER) network.  Comparing results from the two 

small world networks, our results showed that global clustering coefficient did not have an 

impact on the overall effectiveness of network-based intervention strategies, regardless of the 

initial seeding strategy. Nonetheless, average path length of the network did have an impact on 

the overall effectiveness of the intervention. Network-based intervention strategies, especially, 

randomly targeted interventions, were more effective on networks with shorter average path 

length (i.e. small-world network vs ER network). (Table 4-3, Figure 4-4 and Figure 4-5) 

 

Experiment 3: Effect of individual incentive on outcomes of network-based intervention 

strategies – from simulation to application  
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 Previous results have shown that regardless of network structural characteristics, 

targeting most connected individuals within the social network as initial adopters of intervention 

is more effective than random targeting. Moreover, individual level heterogeneity in opinion 

towards smoking has an impact on population level behavioral patterns in the long run. Given 

these two aspects and prior findings that average path length has more effect on intervention 

outcomes than global clustering of the network, we simulated experiments on an ER network 

and a small world network with varying distributions of agents’ inertia to adopt new behaviors. 

Results from simulations showed that an individual incentive does have an impact on network-

based intervention outcomes. Given the random seeding strategy, largely incentivizing 

individuals, which was approximated with an inertia distribution of β (2,5), is more effective on 

an ER network, which has a longer average path length than a small world network. (Table 4-4, 

Figure 4-6) To our surprise, the effect of heterogeneity in an agent’s inertia for opinion updating 

on prevalence of smoking differs by local structural characteristics. For a highly clustered 

network such as a small-world network, it appears that the directionality of effect of incentivizing 

individuals to alter their individual inertia was not directly correlated with intervention outcomes. 

However, incentivizing agents was particularly effective for a random network. Such finding 

provides helpful insights for future intervention design. Firstly, it is extremely challenging to 

accurately identify most connected individuals in the population, which makes network-based 

random seeding strategy more realistic than targeting most connected individuals. Moreover, 

ER networks are more prevalent in the real-world as compared to small-world networks. Given 

these conditions, when data on network characteristics are not available, it might be more 

effective to provide individual-targeting incentivizing interventions such as individual counselling.  

 

Discussion 

 Using agent-based computational experiments, our study incorporated individual 

decision making and diffusion over social networks into an established social learning model to 
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evaluate how individual decision making and diffusion over social networks collectively affect 

population-level behavioral outcomes and behavioral intervention effectiveness. Results from 

our study suggested that individual decision making and social network structural characteristics 

are both critical to shaping of population level behavior patterns as well as intervention 

effectiveness. Ensuring community’s openness to adopt novel opinions alone can lead to 

reduced prevalence of harmful behaviors. When taking into consideration the presence of social 

network, presence of highly clustered network does not imply more necessity or higher 

effectiveness of network-based intervention. Paradoxically, network-based intervention did not 

appear to be more effective for more clustered network, regardless of the initial seeding 

strategy. Moreover, in more scattered networks with longer average path length, incentivizing 

individuals to lower their inertia might be more effective. Findings from our model highlighted the 

importance of individual inertia in decision making in shaping the outcomes of diffusion of 

interventions on a population.  

 Our results showed that a network-based intervention strategy does provide additional 

advantages, especially when targeting most central individuals as the initial adopters of the 

intervention. Such finding is consistent with outcomes from various existing network-based 

online behavioral intervention studies and randomized trials.(174,175) In the Center for Disease 

and Control (CDC)’s best practice guideline for tobacco cessation programs, community-based 

interventions have been listed as the core element of successful intervention for tobacco 

cessation.(176) Even though such interventions did not specify the use of social network, 

establishment of social norms through facilitation of social networks and the concept of social 

influence are the fundamental concepts behind these community-based interventions. Various 

empirical studies have shown the success of such intervention. (177–179) In addition, our 

simulation suggested that targeting popular individuals at the initiation of intervention would 

provide optimal outcome as compared to randomly selecting individuals on the social network. 

This theoretic design approach has been previously incorporated into various popular opinion 
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leader (POL) intervention programs for smoking cessation and CDC-led POL HIV risk behavior 

interventions. Results from these studies showed that under the framework of intervention 

diffusion, targeting well-connected individuals and POLs could be effective.(180,181) However, 

generalizability of these results is limited due to short duration of follow-up of these randomized 

trial studies.(180,181) The real-world applicability of such theoretic concepts is also hindered by 

the difficulty in obtaining information regarding most central individuals prior to intervention. This 

leads us to the discussion of a more important aspect of social network that has an impact on 

intervention outcomes – network structural characteristics. Our findings showed that average 

path length, instead of global clustering coefficient, has a significant impact on outcomes of 

network-based intervention. Most importantly, when taking into consideration individual level 

inertia, lowering proportions of individuals’ inertia could compensate for the weakness of longer 

average path length, thus leading to more optimal intervention effectiveness. This finding could 

potentially be explained through amplified network externality through lowered population-level 

mean inertia, while incentivizing individuals to be more open minded throughout the 

intervention. Extremely limited numbers of studies have investigated the role of individual 

decision making or individual inertia in shaping the outcomes of diffusion of intervention.(182–

184) However, individual behavioral choice has been widely recognized as the key component 

that drives behavioral changes in numerous interventions targeting tobacco cessation and 

physical activity. Prominent examples of these interventions include counter-marketing tobacco 

cessation programs and Community Healthy Activities Model Program for Seniors.(185),(186) 

Given the resource-intensive character of randomized trials for interventions that involve altering 

individual-level behavior choice, extremely few numbers of randomized trials have been in place 

these days, especially ones that would allow researchers to conduct follow-up studies over an 

extended period of time. Our study might be able to provide an alternative to explain the 

success of individual-based incentive programs as compared to group-based programs without 

the prior knowledge of network structure for smoking cessation.(187)  
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 Our study provided a novel framework in epidemiology to identify potential effective 

design strategies for behavioral intervention. However, several limitations of the study need to 

be acknowledged. First, due to the nature of the study, our model had several strong 

assumptions regarding adoption of network-based intervention. We assumed that conversion 

probability from smoker to non-smoker based on network-based intervention is different from 

that of altering individual’s opinion towards smoking. However, model setup in this way allowed 

us to differentiate the effect of diffusion on behavioral change versus the effect of altering the 

opinion on behavioral change. Second, due to limited data availability, we were not able to 

calibrate the model to the real-world scenario. Nonetheless, to our knowledge, this is one of the 

first studies that take into consideration both individual decision making and network-based 

diffusion when evaluating effectiveness of behavioral interventions. More importantly, the 

hypothesis-generating nature of this model provided several implications for future study 

directions and intervention design. First, the effectiveness of the behavioral intervention not only 

relies on the intervention alone. Baseline prevalence of the behavior in the population is also an 

important determinant of intervention outcomes, especially when social influence and social 

learning play an important role in behavioral formation. Second, collecting information on 

changes in individual attitude towards behavior is crucial to estimating the effect of network-

based interventions on behavioral outcomes. Last, with unknown network structure, especially 

highly clustered areas, individual-based intervention, such as providing incentives for 

individuals, might be a more cost-effective alternative.  

 

Conclusion 

 To conclude, our study indicates both individual behavioral choice and social network 

structural characteristics are key to design of behavioral interventions. More importantly, with 

limited resources and unknown network structure, it might be more cost-effective to carry out 

individual-targeting interventions.   
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Table 4-1. Model Parameter Definition for Computational Experiments 
 
Model Parameter 
Agent Attribute 
Behavior Status Binary (smoker, non-smoker)  
Opinion towards Smoking (δ) Integer ∈ [1,10], sampling distribution determined by 

initial prevalence of behavior; 
Higher value translates to higher preference for 
smoking. 

Inertia for opinion updating (𝜔𝜔)  Numeric variable ∈ (0, 1), sampling distribution 
determined by intervention type. 
Higher value translates to higher the inertia is for 
opinion updating. 

Network attribute  
Network structure Pre-specified network at model initiation   
Population-level 
Initial prevalence of behavior (prev0) Initial prevalence of smoking at t0 
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Table 4-2. Prevalence of Smoking and Mean Opinion for Baseline Simulation 
 
Experimental Condition Final Prevalence of 

Smoking 
Condition 1. (Figure 4-1A, Figure 4-1B)  
prev0= 0.50, initial mean opinion = 5.32  1.00 
Condition 2 (Figure 4-1C, Figure 4-1D)   
prev0= 0.80, initial mean opinion = 6.98 1.00 
Condition 3 (Figure 4-1E, Figure 4-1F)   
prev0= 0.20, initial mean opinion = 3.72 0.17 
Baseline Simulation Network Characteristics: Global clustering coefficient: 0.26, 
Average Path Length: 7 
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Figure 4-1. Baseline Scenario 
 
Fig 4-1A): Population Mean of Opinion towards Smoking Behavior over Simulation Period(prev0 = 0.5) 
Fig 4-1B): Prevalence of Smoker over Simulation Period(prev0 = 0.5) 
Fig 4-1C): Population Mean of Opinion towards Smoking Behavior over Simulation Period(prev0 = 0.8) 
Fig 4-1D): Prevalence of Smoker over Simulation Period(prev0 = 0.8) 
Fig 4-1E): Population Mean of Opinion towards Smoking Behavior over Simulation Period(prev0 = 0.2) 
Fig 4-1F): Prevalence of Smoker over Simulation Period(prev0 = 0.2) 
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Figure 4-2. Computational Experiment with Individual Inertia for Opinion Updating Following 
Sampling distribution of β (3,3), prev0 = 0.50 
 
Fig 4-2A): Population Mean of Opinion towards Smoking Behavior over Simulation Period 
Fig 4-2B): Prevalence of Smoker over Simulation Period 
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Table 4-3. Prevalence of Smoking with Network-based Intervention and No Alteration on 
Individual Incentive 
 
Network structure  Seeding Strategy Final Prevalence of Smoking 
No Network-based Intervention 
(Fig 4-3A) 

-- 0.38 

Small-world Network 
(Fig 4-3B & Fig 4-3C) 
Global Clustering Coefficient = 0.26 

Random Seeding 0.36 
Highest Degree 0.33 

Small-world Network 
(Fig 4-5A & Fig 4-5B) 
Global Clustering Coefficient = 0.05  

Random Seeding 0.37 
Highest Degree 0.32 

Erdos-Renyi Network 
(Fig 4-4A & Fig 4-4B) 

Random Seeding 0.42 
Highest Degree 0.35 

*p refers to probability of tie formation in the network 
*Number of initial adopters of intervention = 100 for all simulations 
*For all simulations, individual inertia follows sampling distribution of β (3,3), initial prevalence of smoking 
- prev0 = 0.50 
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  Figure 4-3. Network-based Intervention with Individual Inertia for Opinion Updating Following 

Sampling Distribution of β (3,3), prev0 = 0.50, Varying Initial Seeding Strategy 
 
Fig 4-3A): No network-based intervention diffusion 
Fig 4-3B): Small-world network with 10% randomly selected initial seeding population on the 
network 
Fig 4-3C): Small-world network with with top 10% of individuals ranked based on degree 
centrality selected as initial seeding population 
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  Figure 4-4. Network-based Intervention with Individual Inertia for Opinion Updating Following 
Sampling distribution of β (3,3), prev0 = 0.50, Varying Network Average Path Length 
  
Fig 4-4A): Erdos-Renyi network with 10% randomly selected initial seeding population on the network 
Fig 4-4B): Erdos-Renyi network with with top 10% of individuals ranked based on degree centrality 
selected as initial seeding population 
Fig 4-4C): Small-world network with 10% randomly selected initial seeding population on the network 
Fig 4-4D): Small-world network with with top 10% of individuals ranked based on degree centrality 
selected as initial seeding population 



84 
 

 
  Figure 4-5. Network-based Intervention with Individual Inertia for Opinion Updating Following 

Sampling Distribution of β (3,3), prev0 = 0.50, Varying Network Global Clustering Coefficient 
 
Fig 4-5A): Small-world network with 10% randomly selected initial seeding population,  network 
global clustering = 0.05 
Fig 4-5B): Small-world network with with top 10% of individuals ranked based on degree 
centrality selected as initial seeding population, network global clustering = 0.05 
Fig 4-5C): Small-world network with 10% randomly selected initial seeding population, network 
global clustering coefficient = 0. 26  
Fig 4-5D): Small-world network with with top 10% of individuals ranked based on degree 
centrality selected as initial seeding population, network global clustering coefficient = 0. 26  
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Table 4-4. Prevalence of Smoking with a Network-based Intervention and Random Seeding 
Strategy, Varying Network Average Path Length and Sampling Distribution of Individual Inertia 
for Opinion Updating 
 
 Sampling Distribution of 𝝎𝝎 Final Prevalence of Smoking 
Small-world Network 
(p=0.1) 
(Figure 4-6A, 4-6B & 4-6C) 

β (3,3) 0.36 
β (2,5) 0.41 
β (8,2) 0.31 

Erdos-Renyi Network 
(p=0.1) 
(Figure 4-6D, 4-6E & 4-6F) 
 

β (3,3) 0.42 
β (2,5) 0.35 
β (8,2) 0.42 

**p refers to probability of tie formation in the network 
*Number of initial adopters of intervention = 100 for all simulations 
*For all simulations, initial prevalence of smoking - prev0 = 0.50, seeding strategy for network-based 
intervention follows random seeding of initial adopters of intervention. 
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  Figure 4-6. Computational Experiment with Individual Incentive Altering: Altering Structure, Random 

Seeding, 50% Initial Prevalence 
 
Fig 4-6A): Small-world network (p = 0.1) with 10% randomly selected initial seeding population on 
the network, 𝜔𝜔 ~ β (3,3) 
Fig 4-6B): Small-world network (p = 0.1) with 10% randomly selected initial seeding population on 
the network, 𝜔𝜔 ~ β (2,5) 
Fig 4-6C): Small-world network (p = 0.1) with 10% randomly selected initial seeding population on 
the network, 𝜔𝜔 ~ β (8,2) 
Fig 4-6D): Erdos-Renyi network (p = 0.1) with 10% randomly selected initial seeding population on 
the network, 𝜔𝜔 ~ β (3,3) 
Fig 4-6E): Erdos-Renyi network (p = 0.1) with 10% randomly selected initial seeding population on 
the network, 𝜔𝜔 ~ β (2,5) 
Fig 4-6F): Erdos-Renyi network (p = 0.1) with 10% randomly selected initial seeding population on 
the network, 𝜔𝜔 ~ β (8,2) 
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Chapter 5: Public Health Implications and Future Research Direction  

 

Public Health Implications 

 Given the recognized importance of modifiable health behaviors in cardiometabolic 

disease prevention and challenges involved in designing effective behavioral interventions, this 

dissertation empirically identified multi-level risk factors associated with cigarette smoking and 

physical activity, as well as trajectories of both behaviors throughout life-course. In addition, this 

dissertation developed a novel framework to evaluate population level outcomes of different 

behavioral interventions.  

 Aim 1 of this dissertation used latent class growth mixture model that allowed 

identification of subgroups in the population, given individual level heterogeneity. Results 

showed that there are three subgroups of individuals sharing similar patterns of physical activity 

and past 30-day cigarette smoking behavior from early adolescence to adulthood. Age, socio-

demographic and early-life psychological factors are all important predictors of trajectories for 

both behaviors. Findings from Aim 1 showed that multi-level risk factors collectively shape 

individual’s health behavioral pattern throughout the entire life course. More importantly, early-

life intervention might have an enduring impact on individual health behaviors, even later in life. 

Additionally, results from this aim implied that future behavioral interventions targeting physical 

activity and cigarette smoking behaviors need to take into consideration both timing and target 

population characteristics to be effective.  

 Aim 2 of this dissertation used social network analysis and regression methods to 

evaluate the association between social network characteristics and physical activity/cigarette 

smoking behaviors during adolescence and the adolescence to young adulthood transition. 

Results from our study showed that individuals’ health behaviors at younger age are the 

strongest predictors of health behaviors during young adulthood. In addition, an individual’s 

social position during adolescence is a predictor for physical activity level during young 
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adulthood but not for cigarette smoking. Consistent with findings from Aim 1, results from Aim 2 

of this dissertation suggested the importance of early life behavioral interventions for promoting 

healthy behaviors later in life. Moreover, our findings showed that social network characteristics, 

especially individual’s social position, have lasting impact on individual’s health behavior. 

 Using computational models, aim 3 of this dissertation successfully recapitulated the 

empirical findings in Aim 2, showing that network-level clustering, whether it be local or global, 

does not impact long-term effectiveness of behavioral intervention. Meanwhile, average path 

length of the network, an indicator of how reachable individuals are on a social network as well 

as individuals’ behavioral incentive are key to behavioral intervention outcomes.  Ensuring 

community’s openness to adopt novel opinions alone can lead to reduced prevalence of harmful 

behaviors. When taking into consideration diffusion of intervention-related information within a 

network, a highly clustered network does not imply more necessity of network-based 

intervention. Paradoxically, network-based interventions did not appear to be more effective for 

more clustered network, regardless of whether popular opinion leaders were targeted. 

Moreover, in more scattered networks with longer average path length or unknown network 

structure, incentivizing individuals might be more effective.  

 Expanding from existing simulation and observational studies on the effect of 

intervention on modifiable health behaviors as well as the effect of social network on behavior 

outcomes, results from this dissertation highlighted the importance of both social network and 

individual-level heterogeneity are both key to shaping the population level distributions of 

modifiable health behaviors and behavioral intervention outcomes. In addition, this dissertation 

highlighted the possibilities that complex systems methods such as agent-based modeling can 

bring.    

 Epidemiology has long been identified as a key source to inform the decision making 

process in public health.(188),(189) To assist with the decision-making process, observational 

studies are often conducted on effectiveness of intervention strategies by comparing population 
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outcomes at the initiation of intervention and post-intervention.(190,191) Over the course of its 

development, the definition of Epidemiology has largely extended from its very original formal 

definition of “a discipline studying the population level distribution of determinants of 

health”.(192) In the recent decade, increasing amount of research has taken on a 

consequentialist approach to epidemiology, which focuses on placing more emphasis on 

maximizing the desired outcome of interest and aiming to bridge the gap between observational 

studies and implementation science.(193) As a result, the number of studies using a simulation 

study approach such as agent-based modeling has drastically increased in the past five years 

or so.(193) In epidemiologic studies that apply agent-based modeling to evaluate intervention 

outcomes on a social network, agent-level behavioral heterogeneity is often handled as the 

following: a. match agent attribute to real-world data such as race/ethnicity b. allow for node-

level agent behavior change such as formation and dissolution of network ties c. set-up 

probabilistic behavior transition rules at each time step, which assimilates a Markov process at 

individual level, as a function of agent attribute specified from real world data. Even though 

these modeling approaches would allow for recapitulation of real-world setting and network-level 

heterogeneity, they often overlook the mechanistic hypotheses linking individual level behaviors 

to population-level outcomes. Models and results from this dissertation showed that in addition 

to recapitulating real-world scenarios and forecasting, agent-based models are well suited to 

explore research questions in behavioral epidemiology and facilitate decision making through 

incorporation of social science theories into agent behavioral rules. Such bottom-up model 

process would be particularly valuable when research questions are dependent on strict 

assumptions on individual-level interactions or variables that are difficult to measure during the 

study design and data collection phase.  

 Collectively, results from this dissertation emphasize a need to embrace a complex 

systems lens incorporating individual heterogeneity in behavioral choice, especially when 

addressing research question involving behavioral determinants of health.  
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Future Research Direction 

 Given the highlighted importance of behavior choice in shaping population level 

distributions of health behaviors and intervention outcomes targeting health behaviors, future 

research in epidemiology should take into consideration behavioral choice throughout research 

question design, data collection, study design and analyses stages. Individual level measures 

such as attitudes towards behavioral outcome of interest can be collected and analyzed as a 

proxy to individual behavioral choice in epidemiologic studies. 

 Methodologically, future research to evaluate behavioral intervention outcomes could 

further explore different assumptions on individual decision making, given different network 

topologies to address questions. For example, analytical game theoretical approaches can be 

adopted in the future where we analyze the dynamics of adolescent health behavior as a 

Bayesian game with incomplete information on the network.  The model presented in this 

dissertation can also be additionally adapted to introduce more agent-level heterogeneity such 

as race/ethnic profile to explore whether introduction of certain types of intervention on a given 

network would reduce or exacerbate outcome disparities in the population. 
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