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Abstract 

 

Very little is known about social network patterns associated with substance use among adolescent 

New Zealanders. Social network analysis is useful for understanding subtle and interdependent 

drivers of adolescent substance use in ways that are not possible using conventional statistical 

analysis. This thesis tests the hypotheses that: there are upstream determinants of adolescent 

substance use stemming from social network structure, social influence processes can be 

distinguished from social selection processes and that substance use cognitions can diffuse through 

networks at a significant rate based on exposure and susceptibility of networks actors. An important 

component of this thesis applies newly developed social network and agent-based models to test 

hypotheses and answer follow-on research questions. Social network data was collected from two 

Auckland co-educational high school friendship networks (n=135 students aged 16 to 18) in 2013. 

Cross-sectional analyses were performed on both networks and a longitudinal analysis was 

performed on one of the networks. Homophily according to gender and ethnicity was found in the 

observed networks. Smokers tended to be friends with other smokers and those friendships appeared 

to be driven by social selection processes. The same processes did not appear to drive drinking 

behaviour. Homophily among drinkers was demonstrated and appear to be driven by social influence 

processes. Anti-substance use cognitions also appeared to diffuse based on exposure to popular 

and/or male network actors who held the cognition. These findings are important because to our 

knowledge this is the first study to examine associations between exposures in adolescent social 

network structures to substance use and associated cognitions in New Zealand.  
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Chapter 1. Introduction  

Substance use behaviours often involve complex social processes1 which defy precise prediction as 

they change in open-ended ways (Mercken, Snijders, Steglich, Vartiainen, & De Vries, 2010). New 

computational tools can generate statistical inferences making complex behaviours such as 

adolescent substance use easier to understand. Social network analysis is also beginning to enhance 

research paradigms in many fields, including biology, genomics, physics, social science, economics 

and politics, due to its ability to disentangle complexity (Watts, 2007). The value of social network 

research for public health is its ability to shed light on complex social processes that impact 

behaviours and health outcomes. 

Despite coordinated alcohol and tobacco control efforts, smoking and problem/hazardous drinking 

rates (drinking that leads to morbidity and mortality) among adolescents (between 13 and 19 years 

of age) remain at high levels in New Zealand (Kypri et al., 2009; Ministry of Health, 2009; Scragg, 

Glover, Paynter, Wong, & McCool, 2010). Although overall smoking and drinking prevalence rates 

are falling, their persistence among adolescents has been attributed to a complex set of social and 

environmental factors (Salmond, Crampton, Atkinson, & Edwards, 2011). Young adults aged 18 to 

24 have the second highest smoking rate in New Zealand at 23.5%, nearly double the rate for older 

adolescents (aged 15 to 17) at 8.1%. A similar pattern exists with hazardous alcohol consumption 

where older adolescents (15 to 17) have seen lower rates of alcohol consumption at 21% compared 

with young adults (18 to 24) at 36%.  

Empirical evidence suggests that the risk of uptake with some substance use behaviours increases 

proportionally according to the extent of connectedness with others performing the behaviour. There 

are three main explanations for the associations between drinking or smoking behaviour change and 

the level of friendships with other drinkers or smokers: (1) an influence effect where an individual’s 

behaviour influences that of their friends, (2) a selection effect where smoking results from 

adolescents selecting friendships with those perceived as similar and (3) an environmental effect 

where adolescents and their friends share similar environmental, social and cultural norms associated 

with the substance use behaviour (Knecht, Burk, Weesie, & Steglich, 2011). 

Notwithstanding comprehensive investments in New Zealand tobacco control spanning decades, 

there remain gaps in the knowledge of how social capital, age, gender and ethnicity impact smoking 

                                                           
1 The term complex social processes implies that social processes are not understood by analysing individual 
component parts of the system since there are nonlinear interactions that cause the whole to be greater than the 
sum of its parts. 
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behaviour and unanswered questions about the degree to which behaviours result from selection or 

influence (Mercken, Steglich, Sinclair, Holliday, & Moore, 2012; Scragg et al., 2010). Social 

network analysis (SNA) has emerged as a new paradigm that complements other research methods 

while also offering new assumptions, methods, and hypotheses to address health behaviour change. 

 

1.1. Problem 

In New Zealand adolescent Maori and Pasifika are the highest risk groups for alcohol consumption 

and tobacco smoking (Barnett, Pearce, & Moon, 2005; Glover, Nosa, Watson, & Paynter, 2010). 

Although considerable qualitative and quantitative substance use research has been carried out in 

recent decades no New Zealand research has been reported vis-à-vis the social network 

characteristics of adolescent smokers and drinkers. This represents a gap in the knowledge required 

for developing more targeted and effective substance use interventions. Conventional research 

methods currently implemented in New Zealand may be inadequate for discerning social selection 

processes from social influence processes, or identifying how health behaviour and cognitions 

diffuse through a social network (Fujimoto, Unger, & Valente, 2012; Lusher, Koskinen, & Robins, 

2013). 

Although population-scale interventions aimed at smoking reduction have achieved a great deal of 

success in New Zealand over recent decades a more targeted approach may be needed to achieve the 

Smokefree 2025 goals (Glover et al., 2009; Glover et al., 2013).2 Alcohol use is more prevalent and 

not subject to social sanctions in the same way as tobacco. New Zealand adolescents are now more 

likely to drink alcohol at hazardous levels than smoke tobacco and therefore the alcohol harm 

reduction community faces many more hurdles from the alcohol industry and cultural norms (P. 

Niland, Lyons, Goodwin, & Hutton, 2013). Despite extensive empirical tobacco and alcohol risk 

factor research spanning decades (both in New Zealand and internationally) there is limited new 

knowledge regarding the networked mechanisms of substance use among adolescents. Social 

network processes may have greater effects on adolescent behaviours and therefore could be effective 

in preventing the uptake of substance use behaviours. 

 

                                                           
2 Smokefree 2025 is a New Zealand government initiative not to ban smoking but to reduce its prevalence across all 
populations to less than 5%, to make tobacco products difficult to sell and supply and to eliminate child exposure to 
tobacco and tobacco use by 2025.  
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1.2. Aim and Scope 

Aim 

The aim of this thesis is to gain new insights into adolescent tobacco and alcohol use through social 

network modelling to inform effective adolescent substance use interventions. 

Scope 

The scope of this research is to propose plausible and theoretically principled hypotheses by 

formulating models that accurately predict observed adolescent substance use networks.  

Predictive statistical models are used since it is unknown what stochastic processes3 occur to generate 

observed networks (Robins, Snijders, Wang, Handcock, & Pattison, 2007). The observed network is 

fundamentally just one specific pattern of ties out of a large set of possible patterns.4 A review of 

international and New Zealand-based research literature on adolescent smoking and drinking 

suggests that several actor (individual) characteristics are important to substance use behaviour, such 

as gender, ethnicity, having a part-time job/access to money, being in a school sport or club, 

parental/sibling behaviour and peer friendships (Cheadle, Stevens, Williams, & Goosby, 2013; 

Maddox et al., 2014; Nosa et al., 2014a). The review also suggested that a cross-sectional modelling 

method (Exponential Random Graph Modelling) and two related longitudinal methods (Stochastic 

Actor-Oriented Modelling and Diffusion of Innovation Modelling) might be useful for addressing 

the research aim.  

The statistical modelling approaches were applied to empirical social network data sets collected 

from adolescent populations in the Auckland region. Observations were recorded only among co-ed 

high school students at high risk based on census level socio-economic measures in the Auckland 

region. The observations took place during the 2013 academic year over three time points (the start 

of the year, just before mid-year holidays, and at year's end before final exams). The collected data 

was then modelled for analysis using a cross-sectional model and two types of longitudinal model to 

test hypotheses and generate answers to research questions.  

                                                           
3 A stochastic process is a group of random variables that shows the evolution of a system of random values over 
time. It does not describe a process that can evolve in only one way but one where the initial condition is known with 
potentially several ways that it can evolve.  
4 Networks are a representation of "relational data" in the form of a mathematical graph: A set of nodes along with a 
set of edges connecting some pairs of nodes. 
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1.3. Thesis Structure 

The next two chapters examine the background literature and context of adolescent substance use 

and social network analysis. Chapter 2 examines international and New Zealand research on 

adolescent substance use. The significance of alcohol and tobacco use problems, associations to 

previous research and the context for a social network analysis approach are described. Lastly, 

Chapter 2 lays out hypotheses and follow-on research questions and their derivation based on the 

review of current adolescent smoking and drinking problems. Chapter 3 describes some of the main 

theories underpinning adolescent substance use behaviour and social network analysis. Lastly there 

is an examination of how statistical modelling can be applied to social network data. 

Building on Chapters 2 and 3, Chapter 4 develops the research method for constructing and analysing 

social network models. It highlights the need for social network modelling to augment current 

knowledge of substance use in New Zealand. The study area and the analysis of cross-sectional and 

longitudinal data sets with their respective models are also discussed in Chapter 4. Chapter 5 presents 

the results from each of the chosen models. The first model type (using the cross-sectional data set) 

involves the application of an Exponential Random Graph Model to assess the suitability of the 

network data and to determine if there are autocorrelation or homophily effects (tendency for people 

to associate with similar others) that can be modelled. The second section of Chapter 5 covers the 

longitudinal data set applied to two types of models: a Stochastic Actor-Oriented Model and a 

Diffusion of Innovation Model. The results from the two longitudinal and cross-sectional models are 

oriented toward identifying options for intervention applications. Model results are evaluated and 

discussed in Chapter 6 where a main goal is to highlight the usefulness of SNA with other public 

health research methods as an integrated approach. Recommendations and conclusions are drawn in 

Chapter 7. 
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Chapter 2. Substance use context 

Adolescent substance use behaviours (specifically tobacco and alcohol use) are acknowledged by the 

New Zealand public health sector to be driven by embedded social processes (Connor, Psutka, 

Cousins, Gray, & Kypri, 2013). However, social processes such as social selection and social 

influence are neither well differentiated by conventional research methods nor well targeted by 

interventions. The relationship between social networks and adolescent substance use is also not well 

understood by the public health sector (Mercken et al., 2012; P. Niland, Lyons, Goodwin, & Hutton, 

2014; White & Newcombe, 2014b). The New Zealand alcohol sector, for example, is getting 

increasingly effective at exploiting social network phenomena (through Facebook and other online 

social network platforms) which appear to target social influence processes among adolescents 

(Lyons et al., 2014). Substance use interventions (such as the Smokefree Environments Act, tobacco 

excise tax, and the Sale of Liquor Act) that take a population-level perspective have achieved massive 

successes in New Zealand but have begun to plateau (Laugesen, Glover, Fraser, McCormick, & 

Scott, 2010; Ministry of Health, 2013c). Increasingly a more focused research perspective is needed 

in order for interventions to access groups which are essentially immune to the large-scale 

interventions (Ministry of Health, 2013b).  

Conventional research paradigms in New Zealand have generated qualitative and quantitative 

analyses but are still unable to account for social processes that may be strong drivers of behaviour 

(Research New Zealand, 2014). The New Zealand research approach has mainly focused on socio-

economic disparities which might overlook underlying social processes that reach across the socio-

economic layers (Glover et al., 2011; Walker et al., 2011). Peer friends and parental relationships are 

important socialising forces which drive adolescent substance use behaviours and friendship choices 

(Lakon et al., 2014). Understanding social contexts and how seemingly disparate individuals are 

actually interconnected (in social networks) may be just as important as focusing on socio-economic 

disparity. In New Zealand we have little to no data indicating how social network structures are 

associated with substance use behaviours. Taking a social network approach would help discern the 

extent behaviours are attributable to selection and influence processes.   

This chapter will present a review of adolescent substance use (tobacco and alcohol) in New Zealand. 

The review will first outline and discuss the extent of the problem (Section 2.1). A brief discussion 

of the key interventions will be covered. Then an attempt to link conventional (quantitative and 

qualitative) determinants focused research with relevant social network research in order to highlight 

how both perspectives can be complementary.  
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2.1. The substance use problem  

Smoking context 

Since the late 1970s smoking rates in New Zealand have been declining in line with what is 

happening in most Western countries (Edwards et al., 2009). Yet despite declines in the prevalence 

of tobacco use over the past forty years a smoking rate of close to twenty percent of the population 

persists especially among the most marginalised groups (Ministry of Health, 2012; Ministry of 

Health, 2013c). Data also indicates that about 8.1% of 15 to 17-year-olds currently smoke habitually 

and the rate rises significantly to 23.5% for 18 to 24-year-olds, with the highest levels among Maori 

and Pasifika (Research New Zealand, 2014). According to Edwards this increase in late adolescence 

is unlike what is seen in other high income countries where there is typically a continuation of the 

deceasing trend to smoke (2009). Despite massive efforts to prevent smoking uptake and encourage 

quitting there are still underlying social mechanisms and environmental factors at work preventing 

New Zealand from being smoke free.  

Drinking context 

Alcohol is the most commonly used recreational drug in New Zealand similar to rates in other high 

income countries. Almost 80% of New Zealanders label themselves as drinkers (Ministry of Health, 

2013a; Ministry of Health, 2013c). The proportion of New Zealanders who drink alcohol has actually 

been dropping, following the trend seen in other countries (Research New Zealand, 2014). However, 

the proportion who have been drinking a hazardous amount of alcohol has increased 9% over the last 

decade. The rate of hazardous drinking among 15 to 17-year-olds was 21% and increases to 36% for 

18 to 24 year olds. This trend is notable especially among adolescent males (Ministry of Health, 

2013a; Research New Zealand, 2014). Drinking to intoxication or binge drinking is often an accepted 

behaviour among adolescents and even considered a rite of passage (P. Niland et al., 2014). The lack 

of restrictions on advertising of alcohol branding, especially material that appeals specifically to 

young New Zealanders, is also associated with higher consumption levels (Lyons et al., 2014; P. 

Niland et al., 2013). 

According to Connor et al. (2013), alcohol-related injuries are most common among young men in 

New Zealand and represent a growing proportion of presentations to emergency departments around 

the country (Feigin et al., 2013). In addition, adolescents regard drinking as a fun social activity 

(Lyons et al., 2014; P. R. Niland, 2014) and view alcohol health promotion strategies as irrelevant 

(de Visser, Wheeler, Abraham, & Smith, 2013).  
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2.2. Substance use interventions 

2.2.1 Tobacco Control 

Public opinion during the late nineties began to see large shifts especially in light of tobacco related 

morbidity rates (Salmond et al., 2011). Regulations on advertising and marketing of cigarettes were 

enacted as well as restrictions on smoking in public places. Regulations also increased the costs of 

tobacco products through excise taxation. In addition to the regulatory changes there were huge 

pressures added by tobacco control NGOs and not-for-profit organisations, initially in North America 

but spreading to New Zealand, which helped change public opinion (Salmond et al., 2011). The most 

effective strategies demonstrated how impossible it was to make cigarettes safer, that smokers 

inflicted harm on non-smokers via second-hand smoke and the large economic burdens associated 

with smoking.5  

For adolescent smokers in New Zealand there has been limited success of school-based tobacco 

control interventions (Scragg et al., 2010). However, a flow-on effect from the Smokefree 

Environments Act is that there are now social pressures disincentivising adolescent smoking. Higher 

tobacco prices coupled with cessation programmes have been effective for reducing smoking among 

adults (the main suppliers to adolescent smokers in New Zealand) (Nosa et al., 2014b). Youth 

smokers are indirectly targeted by these policies since their social suppliers (parents or adult 

relatives) are likely to be price sensitive to the higher excise costs (Ministry of Health, 2013b). Fewer 

adults smoking may also have flow-on effects for young people by potentially reducing the 

perception of smoking as a normative behaviour (Glover et al., 2013; Salmond et al., 2011).  

WHO recommendations for tobacco control 

The World Health Organisation (WHO) proposed six tobacco control policies to counter the tobacco 

epidemic (World Health Organization, 2012): tobacco control policy monitoring, second-hand 

smoke protections, offering cessation help, providing education about the harm caused by tobacco 

use, the enforcement of access and marketing bans, and the increase of tobacco excise taxes.  

New Zealand is one of the leading countries in the world to have made substantial efforts in each of 

these policy categories. Having ratified the Framework Convention on Tobacco Control (2003), New 

Zealand is legally bound to enact mandatory aspects of the convention which also align with the six 

WHO policy goals. The New Zealand Government has progressively introduced public policy 

                                                           
5 Globally there are large social and health costs from tobacco use {Mackay, 2002 #150} resulting in a multibillion 
dollar burden. The direct medical costs of adults in the US are estimated at $133 billion with an additional $156 billion 
in lost productivity (CDC). 
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measures to reduce tobacco use, including excise increases, stringent retail regulations, health 

education interventions, smokefree environments legislation, and community initiatives such as 

Quitline and nicotine replacement therapy.  

Alcohol harm reduction 

The laws surrounding alcohol consumption in New Zealand are governed by the Sale of Liquor Act 

1989 (Ministry of Health, 2009). The Act places age restrictions and other retail regulations on the 

sale of alcohol including where it can be sold and who can sell it. There is no legal drinking age but 

a legal purchasing age for alcohol in New Zealand. It is legal for those under the age of 18 (legal 

purchasing age) to consume alcohol and obtain it socially from a parent or legal guardian. Recent 

liquor bylaws governing where people can drink in public areas have also been introduced (Ministry 

of Health, 2013a). 

The New Zealand Injury Prevention Strategy was developed by the Accident Compensation 

Corporation (ACC) to provide guidelines for government, non-government organisations and 

community groups (Ameratunga, Hijar, & Norton, 2006). The main components of the strategy 

emphasise motor vehicle traffic crashes, suicide and deliberate self-harm, falls, workplace injuries, 

drowning, and assault. Since launching in 2003 decreases have been realised in each of the main 

strategy components but especially with road traffic injuries associated with alcohol 

consumption(World Health Organization, 2012). The strategy to reduce road traffic accidents uses 

random breath testing, blood alcohol testing, and licensing restrictions. Education via mass media 

campaigns and other health education programmes are also used extensively within the new strategy.  

Education strategies typically concentrate resources on targeting a wide audience instead of smaller, 

more targeted ones. Interventions targeted for New Zealand adolescents tend to focus on school and 

university settings where creating normative behaviour perceptions is a main component of the 

intervention (Beaglehole et al., 2011).  

 

2.3. Determinants of adolescent substance use 

2.3.1 Smoking associations and potential determinants 

New Zealand tobacco control research indicates a range of complex individual attributes and social 

influences that can act as determinants for adolescent smoking behaviour (Chenoweth, O'Loughlin, 

Sylvestre, & Tyndale, 2013). Associations between individual attributes and social influences are 
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also known to change according to the stage of nicotine dependence (Scragg, Wellman, Laugesen, 

& DiFranza, 2008). Associations across countries are highly variable due to the mixed basket of 

legislation, regulations, and cultural factors. Therefore solutions which work well in some countries 

may not necessarily be applicable to New Zealand and should be considered in a larger context. 

Ethnicity 

Smoking rates are higher for those with lower socio-economic status, perpetuating health disparities 

among Maori and Pasifika (Salmond et al., 2011). Cigarette smoking prevalence rates for Maori and 

Pasifika are also falling more slowly than for Europeans and Asians. Of the approximately 650,000 

smokers about 155,000 are Maori (Ministry of Health, 2013c).  

Financial resources 

Consistent with international smoking data, New Zealanders who live in the poorest areas are up to 

three times more likely to be current smokers than their counterparts living in relatively wealthy 

areas (Harris et al., 2006). Qualitative research (using focus groups) investigating the adolescent 

access to disposable income for cigarette purchases indicated that adolescents were often able to 

obtain cigarettes freely or used money from part-time jobs and allowances to purchase cigarettes 

(Wong et al., 2007). The observations were made when the tobacco excise tax increases had not yet 

gone into effect. However, despite increases in cigarette costs/regulations adolescents are still 

sourcing cigarettes both commercially and socially, according to recent data, albeit at a lower rate 

(Darling, Reeder, McGee, & Williams, 2005). Therefore it is important to consider not only pocket 

money as a risk factor but parental and friend support by either providing money or by providing 

cigarettes for free. 

Parents and the friendship network 

Socio-economic status (SES) as an indicator of health outcomes in adults is considered a powerful 

predictor of smoking rates; however, the association of parental SES with adolescent smoking is 

weak (Glover et al., 2013; Scragg et al., 2010). A large New Zealand study of year 10 students 

investigated associations between adolescent smoking and maternal smoking, paternal smoking, 

ethnicity and gender as specified risk factors (Scragg & Glover, 2007). The results indicate that 

parental smoking is a risk factor among the ethnic groups (Asians, Europeans, Pasifika and Maori) 

and about 40% of adolescent daily smoking in New Zealand can be attributed to parental smoking 

among Maori. Generally in households where two parents are smokers the effect is stronger than in 

households with maternal only smoking (Scragg & Glover, 2007). Furthermore, the results from 

Scragg and Glover also provide a reason to suspect that separately testing maternal and paternal 
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effects may yield specific risk factors since maternal smoking appeared to have the greatest additive 

and multiplicative effects adjusted for sex of the adolescent (2007).  

Although associations between adolescent smoking and both peer and parental smoking appear to be 

significant, most research indicates that there is a stronger effect from peer/friend smoking than from 

parental smoking (Bauman, Carver, & Gleiter, 2001; Ennett et al., 2006). Also there is a stronger 

effect from peer smoking as opposed to parental smoking when using population attributable risk 

measurements (Scragg, Laugesen, & Robinson, 2003). A New Zealand-based cohort study indicated 

that parental smoking correlated with adolescent experimentation when the adolescents were around 

13 years old (Fergusson, Lynskey, & Horwood, 1995). However, by the time adolescents reached 16 

years old smoking was more strongly associated with peer smoking.  

A large cross-sectional survey of year 10 New Zealand students attempted to determine effects of 

parental/best friend smoking and associations with adolescent smoking (Scragg et al., 2010). The 

effects of the family and peer social network varied depending on the stage of smoking. Ultimately 

best friend smoking and parental smoking were associated with concurrent smoking among 

adolescents who were experimental smokers (RR=1.83) versus (RR=1.52) from parental smoking 

only (Scragg et al., 2010). Among adolescents who reported higher smoking scores (already 

smokers) there was a significant association with peer smoking (RR=8.25) versus (RR=2.19) for 

parental smoking although the combined effect of parental and peer smoking was likewise larger 

than the sum of both effects at (RR=14.29).  

Age 

Almost all smokers start smoking during adolescence (Scragg et al., 2010) and the New Zealand 

tobacco control sector has pursued a two-pronged strategy focusing on treating addiction and 

preventing adolescents from starting to smoke (Salmond et al., 2011). According to Salmond et al., 

New Zealanders often become daily smokers between the ages of 14 and 16 (2011). Although 

adolescent smokers make up a small group of the total proportion of New Zealand smokers the focus 

seems warranted because of flow-on effects for reducing the likelihood of adult smoking (potential 

20% decrease in the adult prevalence rate).  

Gender impact 

There appears to be a degree of social influence occurring between parents and their children with 

attributable risks at 43% for girls and 41% for boys (Scragg & Glover, 2007). In all age groups and 

especially among adolescents, Maori have smoking rates which are nearly double any other 

population group by ethnicity or gender in New Zealand (Ministry of Health, 2013c). There are also 
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peculiarities in terms of gender where Maori females, for example, have historically been more than 

twice as likely as Pasifika females or European females to be smokers and more than nine times more 

likely to be a current smoker than Asian females (Blakely, Fawcett, Hunt, & Wilson, 2006; Laugesen 

et al., 2010).  

2.3.2 Drinking associations and potential determinants 

There are a range of environmental factors and potential social determinants associated with binge 

drinking such as being surrounded by adults who model risky drinking behaviour and social contacts 

who supply alcohol (Knecht et al., 2011). Alcohol industry marketing campaigns targeted at young 

people also are associated with making excessive youth alcohol consumption a normal part of 

growing up in New Zealand (P. Niland et al., 2014). Alcohol use is more widely accepted as a cultural 

norm in New Zealand than tobacco use and is also much more affordable than cigarettes (Lyons et 

al., 2014). Adolescent males in all ethnic groups are also nearly twice as likely to be binge drinkers 

as females (Research New Zealand, 2014).  

Ethnicity 

In terms of ethnic disparities alcohol-related deaths fall disproportionally on Maori, a rate nearly four 

times that of non-Maori (Connor, Broad, Rehm, Hoorn, & Jackson, 2005; Research New Zealand, 

2014). In addition, the health burden of alcohol, as with tobacco, falls disproportionately on Maori 

(Ministry of Health, 2013b). Substance use disorders are also the third leading cause of 

hospitalisations among Maori males (a rate of 81.7 per 100,000). Maori and Pasifika also have the 

highest frequency of risky drinking (Connor et al., 2013). More than a third of Maori surveyed 

identify as binge drinkers. Overall there are slightly more Maori male than female drinkers (Ministry 

of Health, 2013a). Maori and Pasifika youth (aged 15-17) also reported getting drunk the last time 

they drank alcohol, with a quarter of them intending to get drunk beforehand. Maori youth were also 

more likely to obtain alcohol through their extended social networks at the home of a friend or 

relative rather than their own homes.  

Age  

Young New Zealanders and especially adolescent Maori and Pasifika are also consuming larger 

amounts of alcohol per session than any other age group and are consequently suffering increased 

levels of alcohol-related harm (White & Newcombe, 2014b). Teenagers are also more likely to 

believe that getting drunk and binge drinking is acceptable (Ministry of Health, 2013a). More than a 

third of New Zealand adolescents rely on their social networks/social suppliers for alcohol and drink 
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frequently at their or friends’ and relatives’ homes (White & Newcombe, 2014b).6 It is also estimated 

that a third of year 10 students engage in binge drinking and that some of the factors associated with 

this behaviour include socio-demographic factors, family, and peer influences (Research New 

Zealand, 2014). A significant number also reported causing injury to others as a result of binge 

drinking sessions (Denny et al., 2011). 

 

2.4. Social network determinants of substance use 

Adolescent smoking interventions since the late 1970s have strongly focused on providing health 

education and teaching skills to overcome peer pressure to start smoking (Bandura, 2002). Social 

cognitive theory has been the main rationale for the health education approach that targets peer 

pressure but as a result also caused the scope of tobacco control research to be restricted to a set of 

possible determinants (DiFranza et al., 2007; O'Loughlin, Karp, Koulis, Paradis, & Difranza, 2009). 

Epidemiologists have also conducted risk-factor research focusing heavily on socio-economic status 

where there is a clear association with substance use (Hanson & Chen, 2007).  

On the other hand, social network research interprets adolescent substance as the product of 

interconnected/interdependent network actors and social processes (Alexander, Piazza, Mekos, & 

Valente, 2001). Interdependence provides an elegant and intuitive way to describe social 

determinants of substance use because it is able to account for interdependencies of social network 

members in conjunction with their individual attributes. New social network modelling methods 

(described in Chapters 3 and 4) are also able to estimate the dynamic nature of networks and the 

interdependence of social network structures with individual actor attributes (Valente, 2010). 

2.4.1 Difficulties with conventional substance use research 

A potential weakness with some adolescent substance use research has involved the exclusive focus 

on risk factors as they relate to adolescent smoking rates. There is an insistence on variable 

independence when the bulk of published research indicates social processes are intertwined with 

one another and that populations are embedded in complex systems. It is difficult using conventional 

cross-sectional methods to simulate longitudinal data or interdependent variables. They tend to 

emphasise associations between risk factors (such as ethnicity or deprivation level) ahead of 

separating exposures from outcomes through time (T. A. B. Snijders, Pattison, Robins, & Handcock, 

                                                           
6 The majority (57%) of young drinkers get their alcohol from parents while binge drinking youth (28% of young 
drinkers) get their alcohol from friends. 
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2006; Valente, 2012). On the other hand longitudinal research has examined only a small number of 

adolescent smoking predictors such as parental and teacher smoking and access to money but has 

not provided a social network explanation for how smoking initiation leads to sustained smoking 

behaviour (Connor et al., 2013; Glover et al., 2013; Nosa et al., 2014b). Most substance use 

longitudinal studies also do not distinguish between selection processes and influence processes 

(Mercken, Snijders, Steglich, Vertiainen, & De Vries, 2010).  

Selection and influence processes 

Social networks where substance use occurs tend to exhibit homophily or network autocorrelation 

(segregation of actors into groups by common actor attributes) which is not well accounted for by 

conventional research (T. A. B. Snijders, Van de Bunt, & Steglich, 2010). Behavioural homogeneity 

can be generated in peer groups where behaviours may have started out as more heterogeneous 

(Oetting & Donnermeyer, 1998).  

Network similarities are often presented in conventional research as a social selection process where 

similar adolescents seek each other out as friends. The most widely known explanation for similarity 

is homophily, a principle whereby behaviour similarities act directly as a cause of interpersonal 

attraction (Lazarsfeld & Merton, 1954). 

What might appear to be homophily may actually result from other network processes (Mollenhorst, 

Völker, & Flap, 2008). For example, different social contexts can be responsible for friendship 

similarity. When students in a school setting select groups or cliques, their selection tends to indicate 

pre-existing similarity on one or several individual attributes. The friendship formation itself can be 

viewed as merely a reflection of the limited opportunities students have of meeting in a school setting 

and may not indicate pre-existing similarity in friendship creation (Robins, Pattison, Kalish, & 

Lusher, 2007). Other embedded network characteristics of friendship dynamics, such as network 

closure or social balance (Maddox et al., 2014) can also lead to friendship similarity but often are 

attributed to homophily or selection processes (De Klepper, Sleebos, Van de Bunt, & Agneessens, 

2010). 

Causes of behaviour similarities differ based on whether the behaviour variable is a consequence of 

the network (influence/assimilation) or a pre-existing condition of the network (homophily, 

context/environment). Time is often overlooked as being causal (homophily) or correlational 

(context) (Borgatti & Ofem, 2010). All three network characteristics potentially explain substance 

use behaviours, adding to the difficulty of diagnosing which social network mechanisms are causal 
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(especially since adolescent social networks often change over time) (Urberg, Luo, Pilgrim, & 

Degirmencioglu, 2003).  

Health Behaviour 

Network structures are potentially as important for understanding observed behaviours as socio-

economic attributes (Knoke & Yang, 2008). For example, actor attributes can stay constant while 

network structure changes and ties appear and disappear. Principally, according to Knoke and Yang 

the pattern of dynamic ties (the network structural mechanisms) can influence network actors by 

providing exposure to behaviours (2008). Actors can gain direct contact with other actors through 

shared network ties and also through intermediary nodes. In turn intensive interactions can orient 

some actors in such a way that they are more susceptible to the influence of other network actors. 

The intermediary actors potentially occupy important network positions, acting as barriers or 

conduits for information/behaviours to pass between otherwise isolated parts of a social network 

(Raab & Milward, 2003). Essentially, according to Raab and Milward the conduits or bridging nodes 

are also responsible for network stability and help to create norms and values (2003). 

2.4.2 Smoking determinants  

The harms of cigarette smoking are well trodden territory in the field of public health. Globally, there 

have been significant reductions in cigarette smoking due to a combination of government 

regulations informed by the Word Health Organisation Framework Convention on Tobacco Control 

and smaller-scale tobacco control interventions (Beaglehole et al., 2011). However, the tobacco 

industry is still able to get adolescent New Zealanders to begin smoking, which is likely to lead to a 

lifetime of smoking. On the other hand changes to alcohol regulations have also helped restrict the 

supply and accessibility of alcohol among adolescent groups (Ministry of Health, 2013b). Yet health 

and social problems stemming from alcohol are still highly prevalent in New Zealand (White & 

Newcombe, 2014a).  

Tobacco control studies using social network analysis highlight the importance of school 

environments for gaining insights into how peer group social processes relate to adolescent cigarette 

smoking (Alexander et al., 2001; Mercken et al., 2012). In addition much of the social network 

research over the past two decades suggests associations and potentially causal links between 

smoking and having a smoking best friend, having smoking friends, specific social network positions 

and group/clique membership (Valente, 2012). Furthermore, associations between individual and 

peer substance use are strongest for friendship networks rather than for other relational types based 

on admiration or romantic interests, for example (Fujimoto & Valente, 2012).  
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Research has mainly focused on how substance use behaviour spreads in networks based on the 

specific network positions of network actors and/or with social influence mechanisms (Wasserman, 

Robins, & Steinley, 2007). Network position (the existence/absence of friendship ties between 

actors) matters and can often lead to certain actors being persuaded by friends to engage in smoking 

behaviour, for example (Valente, Unger, & Johnson, 2005). Associations between smoking and 

adolescent friendships which are reciprocated (where the friendship is mutual between two actors) 

are stronger than in non-reciprocated friendships (Fujimoto & Valente, 2012). Subsequently, 

according to Fujimoto and Valente various structures and features of friendships are important for 

evaluating the drivers of adolescent substance use (2012). Younger adolescents tend to have 

segregated friendships according to gender. As they get older they tend to make cross-gender 

friendships (Mercken et al., 2012). Females also report having higher intimacy levels in their 

relationships which may create an environment for more smoking influence opportunities between 

female friends (Mercken et al., 2010).    

Smoking-based selection/influence in friendship networks  

A New Zealand study of smokers in role model occupations such as teachers, uniformed services, 

health professionals and public figures, shows there are social mechanisms that lead to network 

autocorrelation among some groups with regard to substance use and not others (Salmond et al., 

2011) Children were also found to mimic smoking behaviours they observe and exposure to smoking 

by parents and peers is one of the most significant factors that leads to adolescent smoking (Glover 

et al., 2006; Valente et al., 2005). Exposure to smoking in schools by teachers, for instance, has the 

potential to make smoking behaviour normative for the students (Scragg et al., 2010).  

Adolescent smoking research over recent decades points toward similarities in smoking behaviour 

supported predominantly by social influence processes (Bauman et al., 2001; Ennett et al., 2006).  

However, recent advances in social network analytics have also studied this relationship showing 

that social selection plays a stronger role than social influence in smoking-based friendships (Fowler 

& Christakis, 2008; Hoving, Reubsaet, & de Vries, 2007). Actor-based social network modelling 

was used on nine Finnish gender-segregated networks of adolescent junior high school students to 

estimate smoking-based selection and influence processes in continuous time (Appendix D) 

(Mercken et al., 2010). The longitudinal social network model by Mercken et al. (described in 

Chapters 3 and 4) ultimately found that smoking-based friendship selection was stronger than 

influence processes in both male and female networks (2010b). 

Another study using similar longitudinal social network modelling of a secondary school cohort 

examined smoking and drinking behaviours among adolescents (M. Pearson & West, 2003b). The 
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dynamics of smoking and drinking behaviours had similar patterns for their network structure and 

network dynamic measures (Steglich, Snijders, & Pearson, 2010b). Ultimately the results indicated 

that there were strong effects for social selection along with weaker but still significant evidence for 

social influence. There was interestingly a stronger result for drinking associated with the social 

influence process than smoking. However, there was an indication that the addictive nature of 

smoking may have overridden social influence processes for smoking (Blossfeld & Rohwer, 2002; 

Feld & Elmore, 1982; Feld & Carter, 2002).  

Also, distinguishing between peer substance use and peer endorsement or validation of substance 

use is important because adolescents tend to encounter that favourable social consequences as a result 

of initiating substance use (P. Niland et al., 2014). The peer validation/support that can result may 

provide the motivation required (through social influence processes) to start smoking or drinking. 

Mrug and McCoy found that among non-substance-using high school students, peer pressure was the 

most important reason for refusing beer, marijuana, and other drugs and a major reason why at-risk 

students use alcohol (2013). Similar research indicates that among high school boys, drug use and 

cigarette smoking are associated with peer acceptance (Alexander et al., 2001). 

2.4.3 Drinking determinants 

The alcohol industry is arguably more culturally entrenched in New Zealand than the tobacco 

industry and not subject to the same stringent sales and marketing regulations (P. Niland et al., 2013; 

P. Niland et al., 2014). Marketing strategies and knowledge about social network phenomena are 

now converging through face-to-face contact and virtual social networks to amplify the effectiveness 

of industry marketing approaches. The emerging branding and marketing debate is similar to the 

branding debate occurring with tobacco plain packaging and hidden displays at the moment and is 

likely to become even more critical if the alcohol and tobacco industry find new ways to take 

advantage of weaknesses in social networks industry regulations.  

Drinking among adolescent friends is closely associated with friendship bonding and adventure 

(Vander Ven, 2011). Adolescent drinkers tend to socially discuss and drink within their social 

networks to a greater extent than with smoking (McCreanor et al., 2013). In addition, according to 

McCreanor et al., drinking tends to be a social rather than an individual activity and risk-based 

alcohol harm messages tend to be irrelevant to adolescent drinkers (2013). Alcohol harm reduction 

interventions targeted at adolescents in many instances appear to be ineffective because they 

inadequately recognise the pleasure and sociability in adolescents’ drinking practices (Vander Ven, 

2011).  
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New Zealand adolescents find it socially beneficial to be portrayed to their peer group on social 

networking sites (SNS) as intoxicated (P. Niland et al., 2014). There are also perceived benefits if 

they could have a connection to specific alcohol brands. In addition, research indicates a significant 

a number of posts to a member’s SNS which contained comments relating to alcohol and digital 

images depicting a research participant with friends drinking alcohol and playing drinking games. 

Young people tend to share comments and photos specifically depicting alcohol brands, alcohol 

consumption and even binge drinking. The communications had very positive connotations helping 

to generate a form of group identity within immediate social network clusters. Posts essentially 

modelled a normative acceptable behaviour within certain social network clusters. The New Zealand 

alcohol industry seems to target its marketing strategies and messaging on SNS particularly to take 

advantage of the social appeal alcohol has to adolescents (P. Niland et al., 2013). 

Adolescent and young adult use of SNS and potential associations with alcohol consumption are 

often essential elements for binge drinking culture perseverance (Lyons et al., 2014). Adolescents 

view drinking not only as a highly social activity but also as entertainment (Hackley et al., 2013). 

Drinking appears to be tied intimately to an adolescent’s social network where the ties between 

adolescents get strengthened by caring for one another when drunk (de Visser et al., 2013). 

According to de Visser et al., drinking events for social network members are often organised initially 

through SNS such as Twitter and then with pictures/comments made after the event through the same 

sites (2013).  

Results from a longitudinal study of Dutch students in 14 high schools suggest that friendship 

nominations tended to be reciprocated between students (along gender and ethnicity lines) and that 

there were cohesive subgroups within the sample (Knecht et al., 2011). Social selection processes 

were also more significant than the influence process for predicting similarities between students’ 

alcohol use. Despite differences across school groups regarding friendship and drinking dynamics 

the social selection process stood out.  

Diffusion or adoption of drinking behaviour 

Viral marketing occurs where consumers pass marketing material on to other members of their social 

network through word of mouth or through a range of communication channels (Watts, 2007). The 

social networking concept of the diffusion of innovation is also tied to the viral marketing as well as 

epidemiological perspectives of contagion (Valente & Fosados, 2006). Study findings examining 

adolescent alcohol use in the US as a contagion with longitudinal data suggest there are significant 

effects for social selection processes based on the similar alcohol use between network members 

(Light, Greenan, Rusby, Nies, & Snijders, 2013). In addition the study found an increased rate of 
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drinking onset based on exposure to peers who were already consuming alcohol. Diffusion of 

innovation (behaviour/cognition) is often exploited by the alcohol industry by marketing alcohol 

products through social networking sites (Lyons et al., 2014). Many popular social networking 

platforms used by adolescents allow users to share advertising campaign videos with one another (P. 

Niland et al., 2014).  

The diffusion (viral) advertising strategy used in New Zealand by the Speight’s beverage company 

actively involves network members in a number of market and culturally driven processes (Lyons et 

al., 2014). By endorsing one of the Speight’s beer videos, for example, a network member is also 

potentially endorsing the Speight’s products and branding to an audience of their friends. The 

strategy takes advantage of the multiplier effect (a characteristic of the diffusion of innovations) if 

the videos spread virally through the social network, resulting in free advertising for the alcohol 

company. It is also a way of communicating directly with the wider social network to reach other 

more susceptible network members (P. Niland et al., 2013). Subsequently, according to Niland, as 

the message diffuses through the network the message also becomes continually normalised (2013). 

Social mechanisms are potentially paralleled between social networking sites and school 

environments where adolescents can actively communicate and identify with each other (spreading 

a concept or behaviour). 
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Chapter 3. Social network theories and methodologies 

Conventional epidemiology searches for correlations among covariates often with a reductionist 

independence assumption (O'Loughlin et al., 2009). The reductionist perspective often taken with 

substance use research is not typically appropriate for a social network (ecological whole of system) 

approach. The aim is not to be reductionist (focus on individual components) but to understand how 

a complex system of variables and social connections drive health behaviours (Olsson et al., 2006). 

New methodological tools and theory frameworks for understanding complex systems include 

network analysis, ecological systems theory, and complexity theory (Lusher et al., 2013). Although 

methodologies associated with the ecological perspective have firm footholds in applied science they 

have yet to reach mainstream public health. The social sciences associated with public health 

generally use linear modelling which cannot simultaneously account for complex (multivariate) 

changing systems (Valente, 2005).  

Ecological systems theory views the complexities and dynamics of populations as many 

interdependent components (Olsson et al., 2006). With an ecological or systems approach the 

dynamic variables (such as changing behaviour) of systems are qualitatively different from the sum 

of the system’s parts. Each part is reliant on feedback for change rather than centralised control. 

According to Olsson et al. much of public health took an ecological perspective for much of its early 

history (2006). Some of the greatest population level gains were made by addressing water, sanitation 

and hygiene together through an ecological approach.  The public health sector did not revolve 

around single-cause explanations for health behaviours and illnesses. During the second half of the 

twentieth century the ecological systems perspective devolved into categorical positions with 

conditions like asthma, heart disease and HIV/AIDS reflecting a shift in focus from rapidly 

transmittable communicable diseases to non-communicable diseases. 

This chapter provides a brief introduction to social network analysis. It will begin with a review of 

existing social theories relevant to adolescent substance use in New Zealand, presented in order to 

set the stage for the social network analysis perspective developed in the third chapter. This is 

followed by a summary of the history of social network analysis to provide a context for some of the 

main concepts. Relevant macro and micro level theories for the type of analyses discussed in 

Chapters 4 and 5 of this thesis will be introduced. Following the context, theory and concept sections 

the chapter goes on to provide a more detailed description of social network analysis perspectives. 

The findings laid out in Chapter 5 as well as the methods used to gather and analyse the data can best 

be viewed from the context described in this chapter. 
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3.1. Socialisation theories for understating substance use 

There are a group of theories used frequently in social network and substance use research to try and 

explain how peer groups and/or family groups influence substance use behaviours. Socialisation 

theories relevant to this research include social learning, social identity and social norms. 

Socialisation theories are useful for understanding how behaviours may develop but are only capable 

of going part of the way to quantifying associations between behaviour and relationship patterns 

within social networks (Lusher et al., 2013; Robins, 2015).  

Socialisation theories with regard to social networks and substance use behaviours can also be useful 

for explaining observed network autocorrelation brought about by influence (assimilation), selection 

(homophily) and environmental factors (social context) (Brechwald & Prinstein, 2011). The main 

problem with socialisation theories in substance use research is that while they recognise behaviour 

can change over time they often treat the social network as a static variable rather than one which 

can evolve (Friedkin, 2001). Alternatively other research using socialisation theory treats networks 

as dynamic variables, but the network determinants are treated as static variables due to 

computational limitations (T. A. B. Snijders et al., 2006). 

Each theory presented in this section does not on its own provide a full explanation of observed social 

processes among adolescents; they were established at a time when studying dynamic social 

processes was novel and research with independent variables was necessary. Instead they each 

provide a simple path for observed social network phenomena to eventuate without the need for more 

complex socialisation theories (theory of planned behaviour or perceived behavioural control). When 

applied together the theories provide a qualitative perspective for understanding observed social 

selection and social influence processes regarding adolescent substance use. They also establish a 

foundation for understanding more comprehensive and quantitative social network theories such as 

balance and centrality covered later in this chapter and provide some justification for social network 

modelling choices described in Chapter 4. 

3.1.1 Social Learning Theory 

To understand social network homophily mechanisms (‘birds of a feather flock together’ is too 

simplistic) social learning theory can be used to provide an explanation of this autocorrelation 

(Bandura, 2002). The theory suggests that behaviours result from the modelling of others’ behaviours 

in combination with social reinforcement. Social learning theory suggests that people become 

interested in behaviours by watching others get rewarded for particular behaviours. For example, a 

child who sees a peer get a present by throwing a tantrum might use the same behaviour in 
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anticipation of achieving the same result. Indirect exposure to behaviours might also occur through 

mass media such as movies and TV. Indirect exposure can also come from peers at school who may 

not be intimate friends. In general indirect exposures are likely to come from close friends and 

associates. Essentially, behaviours are observed, and social pressures can encourage the new 

behaviour to develop. 

Behaviour can also result from learning observed/modelled behaviours from others. For example, 

when young children learn positive, negative and neutral verbal and cognitive behaviours as bad or 

good, the words good and bad may stimulate other behaviours indirectly (Akers, 1985). Evidence 

seems to support the hypothesis of peer-association/modelling where deviant behaviours are stronger 

than for other determinants of adolescent substance use (Mercken et al., 2012). With substance use 

the school environment is typically the focus but the family environment represents an area where 

learning takes place (Scragg et al., 2010). Parental influence varies based on the age of the adolescent 

and whether the parent provides modelled behaviours or is favourable or ambivalent about the 

behaviour.  

Social learning theory usually consists of a subset of variables including differential association 

(norms and interaction among parents and peers), differential social reinforcement (sanction of 

parents and peers), differential non-social and social reinforcement (mix of positive and negative 

consequences), imitation (observed peer/parental behaviour modelling), and definitions (positive and 

neutral connotations of the behaviour) (Bandura & McClelland, 1977; Rosenstock, Strecher, & 

Becker, 1988). The learning process in social learning theory encompasses complex social 

relationship feedback. As a result of differential association among peers and parents, the behaviour 

takes place through imitation; the individual obtains definitions favourable for the behaviour and 

receives positive reinforcements. This explanation supports behaviour initiation but for continuation 

of the behaviour imitation is less a factor than the consequences of the behaviour that can support or 

punish (Wallston, 1992). 

Substance use behaviour results from conditioning within groups that reinforce an individual’s 

behaviour (Akers, Krohn, Lanza-Kaduce, & Radosevich, 1979). In social learning theory a concept 

known as differential association implies that a group presents a point of reference for the individual 

and the point of reference can have direct and indirect impacts on the individual. Social learning 

theory suggests that groups provide the social contexts for certain learning processes to occur. 

Subsequently behaviours are learned by the individual through conditioning by the group, using 

social and non-social punishments/rewards. Besides differential association there is also differential 
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reinforcement which outlines a process where behaviour is determined as a probability outcome 

between the balance of punishment and reward for a given behaviour. 

3.1.2 Social identity theory 

An important component of social identity theory is that identity can in part result from social group 

and cliques memberships (Abrams & Hogg, 2006). Often adolescents describe themselves using in-

group (favourable) and out-group categories (Valente et al., 2005). Subsequently, behaviours tend to 

be adopted (assimilation/influence) rather than selected consistent with behaviours of the in-group. 

Besides the group providing a normative support for certain behaviours (substance use) among 

adolescents evidence also suggests that adolescents with in-group support may tend to have the 

normative behaviours more than someone without group support (Abrams & Hogg, 2006).  

Social identities are subsequently thought to influence individual behaviour because it is easier to 

engage with the behaviour when it is also in accord with the norms of the group whom they identify 

with or want to identify with. Social behaviours are essentially connected with group membership 

since an adolescent is more inclined to adopt behaviours more relevant to the group behaviours 

(Armitage & Conner, 2001). The theory of planned behaviour on the other hand is not able to account 

for the level of importance a person places in identifying with a group. In addition, social identity 

theory suggests the more a person identifies with a group the more influence the group will have on 

the individual regarding behaviour norms (Carrington, Scott, & Wasserman, 2005). 

Social identity theory provides the perspective to integrate social relationships, personal attitudes and 

perceived attitudes (Hogg, 2006). Identification with groups is largely driven by a sense that self-

enhancement is achieved through association with a superior in-group relative to an out-group (Hogg 

& Terry, 2000). Members are not those of average popularity but the most venerated whom the 

average group member aspires to resemble. Group attitudes are not necessarily the average of all 

group members’ attitudes but social norms are reflected by the perceptions and attitudes of average 

group members towards the most revered group members. The most popular group members also 

have an interest in promoting their own attitudes in order to support their position in the group 

hierarchy (Stets & Burke, 2000).  

From a social network perspective, there is a tendency for some individuals in the network to be 

more important than others (e.g. centrality implies the importance of prominent actors within a 

network (Borgatti, 2005; Jones, Hesterly, & Borgatti, 1997). One of the goals of this research is to 

combine the theoretical insights of centrality to examine how perceptions of the attitudes of others 

relate to social network ties. One of the arguments put forward by this research is that group norms 
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are related to the individual attitudes of popular individuals in the group. It is also argued that 

individuals exemplify the group identity by holding certain extreme behaviours and attitudes. As an 

outcome, social ties tend to be directed toward popular individuals central to the network (Borgatti, 

2005).  

3.1.3 Social norms theory 

Social norms theory provides an explanation as to why individuals who are exposed to delinquent 

behaviours engage in those behaviours (Mazar, Amir, & Ariely, 2008). The level of negative or anti-

social behaviour is thought to be driven by group membership where the behaviour is socially 

normative. In addition, the theory suggests that as an in-group member an individual might be more 

likely to engage in the behaviour and as an out-group member the behaviour would decrease. Also, 

adolescents do not rely on the simple calculations of cost-benefit analysis when engaging in 

delinquent behaviour like substance use, but instead seem to rely on the social norms modelled by 

others (Noonan & Kulbok, 2012).  

There are several ways that health behaviours such as substance use modelled by other individuals 

can influence an observer’s behaviour. For some there may be a cost benefit calculation where an 

estimated likelihood can be made of the extent there are benefits or a lack of benefits in performing 

the behaviour. The individual is essentially using a rational framework to weigh up both the potential 

gains from the behaviour that are often a kind of social capital among adolescents and also the costs 

from performing the behaviour. The outcome of the cost-benefit analysis can affect the likelihood of 

performing the behaviour (behaviour change) as well as impact degree of engagement in the 

behaviour (Armitage & Conner, 2001).  

 

3.2. Social network analysis 

3.2.1 SNA history 

Social network analysis draws from many academic fields and builds on theories and observations 

dating back to the eighteenth century (Freeman, 2004). The history of social network analysis can be 

thought of as having occurred over three waves. The first instance took place in the eighteenth 

century in 1736 by a European mathematician Leonard Euler (Wasserman & Faust, 1994). Euler had 

devised a system of diagrams (Figure 1) to represent transportation networks in order to solve the 

question of the day called the Seven Bridges of Königsberg (Buchanan, 2003). Euler’s diagrams 

were essentially the first example of graph theory which is a cornerstone of modern social network 
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analysis. It was not until the 1930s that more rigorous statistical analysis was applied to social 

network distributions for hypothesis testing. The second wave of network modelling happened in the 

1970s when models were introduced to depict probabilities of relational ties and to parameterise 

tendencies of network actors through the use of log-linear models. Around the end of the twentieth 

century there was another shift toward taking advantage of strong computational capability and to 

analyse networks using Markov models (Frank & Strauss, 1986). 

Figure 1: Example of Euler's use of an abstract graph diagram  

 (Map by Bogdan Giuşcă, distributed under a CC-BY 2.0 license) 

3.2.2 Fundamental concepts 

Social networks are essentially made of a few types of elements that can be represented graphically. 

Nodes or vertices can represent network actors/members; they are often discrete individuals but can 

also be organisations. The nodes are connected through relational ties. The overall network structure 

or configuration of ties is another element of networks. Ties can represent the transfer of knowledge, 

friendships, associations or some other type of resource such as health behaviours (Wasserman & 

Faust, 1994). Ties can also have a direction that indicates the source and destination of the 

relationship between a set of nodes. Groups of actors can also be depicted. Subgroups contain a finite 

range of dyadic and triadic configurations (the permutations of how two and three nodes can be 

related to one another) (Luke & Harris, 2007).  

Network dependence 

Fundamental to social network modelling is the concept of network tie dependency (Wasserman & 

Faust, 1994). In order to derive the tendency that specific tie patterns form it is necessary to have an 

assumption of dependence rather than independence among ties. Evidence that tie configurations 

form at all implies that there is an impetus resulting from existing dependencies between ties 

(Barabasi & Crandall, 2003). 

 

 



 

25 
 

Network self-organisation 

Network ties tend to self-organise in a process called network autocorrelation where the presence of 

certain ties drives other tie configurations to form (Leenders, 2002). This characteristic of networks 

is referred to in statistical modelling as a purely structural effect since it does not involve 

characteristics of network nodes or other environmental factors. It results from internal processes 

based on the structure of network ties (Barabasi & Crandall, 2003).  

Triangulation, an aspect of self-organisation, mirrors the social propensity to connect to others and 

form group/clique structures. Structures involving three ties are the basic measure of grouping where 

the subset of nodes will be tied to one another. Typically the triangular structures also referred to as 

triads are not evenly separated across the network (Newman, Barabasi, & Watts, 2006) but form 

together in larger cohesive clique groupings. 

Centrality 

Centrality is the extent that social network actors occupy critical network positions measured as the 

average distance a given network actor is located from other actors through friendship in the network 

(Borgatti, 2005). According to Borgatti they also tend to have a disproportionately greater influence 

over network evolution, diffusion of information and structure relative to those less central (2005). 

 

3.3. Overlapping theoretical perspectives informing the scope of this thesis 

Network meta-theory 

There is not a single network theory but several perspectives that constitute a meta-theory. The 

majority of network theories refer to configurations of tie patterns and their formation probability. 

Reciprocity is a basic social structure that is often expected to occur at a high frequency in human 

social networks (Linden-Andersen, Markiewicz, & Doyle, 2009). Structural balance theory 

introduces a tendency for triadic network structures to have closure (Cartwright & Harary, 1956). 

Several decades later the closure tendency was contrasted with brokerage and centrality (Burt & 

Merluzzi, 2014; Granovetter, 1973). Preferential attachment helped to explain how network 

popularity for certain network actors ensures their longevity as popular within the network (Barabasi 

& Crandall, 2003). By and large the network theories covered in this chapter help to provide 

explanations for the formation of specific types of tie patterns so that empirical observations covered 

in later chapters can be given some context. The importance of their configurations is that the patterns 

themselves may result from underlying social processes that are difficult to see without some 
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statistical analysis. It also provides some context for the assumption that network structures form as 

a result of often dynamic social processes (Koskinen & Snijders, 2007).     

Social Epidemiology  

Social epidemiology is the study of how health determinants and diseases/behaviours differ between 

social groups (Berkman & Syme, 1994). Social epidemiology looks for patterns in disease risk 

factors which become fundamental determinants of health. Social epidemiology compared with 

conventional epidemiology emphasises the influence of ethnicity, socio-economic status, behaviour, 

social interaction, social capital and environment on the distribution of health outcomes. There can 

be many macro and micro-level social exposures that determine a health outcome. The complexity 

of exposures challenges conventional epidemiological methods since health determinants can rely 

on social context and so may not be independent of the social context. 

A major flaw with social epidemiology, however, is that reductionist linear models dominate the 

field. Social interactions no longer fit the reductionist paradigm since social interactions that affect 

health outcomes violate the assumption of independence. When the relationship between health and 

ethnicity can be different based on the proportion of various ethnic groups in the social network the 

independence standard becomes weak. It cannot account for social circumstances like ethnic density 

while maintaining an independent association between ethnicity and disease. 

Systems theory 

Systems theory regards social organisations as highly ordered and in a state of equilibrium (Watts, 

2007). Systems are so stable that two systems with identical initial states will always end up in the 

same state at the same time point in their lifespan without producing anything new or different. The 

Ecological Systems Theory (Olsson et al., 2006) builds on the health determinants approach of social 

epidemiology and proposes that there are numerous contextual and environmental layers that can 

drive health behaviours. Environmental layers include family, peers, schools, communities, and 

larger society. An array of environmental layers interacts with individual level covariates, producing 

a set of lifestyle behaviours (K. Warren, Franklin, & Streeter, 1998). So, the social networks that 

people are embedded in may be just as important to consider for health outcomes as individual level 

covariates (Fujimoto & Valente, 2012).  

Complexity Theory 

Complexity theory on the other hand treats systems as being in constant flux caused by non-linear 

processes converging on one another (K. Warren et al., 1998). Two systems ultimately diverge no 

matter how similar or whether the initial state is identical. Complexity theory allows that sudden 
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change can occur and also that minor differences can be amplified by non-linearities (Watts, 2007). 

Typically, when a potential model is tested (e.g. behaviour autocorrelation) the outcome leads to 

other more complex problems. The resulting complex system of interconnected/interdependent parts 

is very resistant to linear analysis with regard to simultaneously relating actor level and environment 

level variables (Watts & Strogatz, 1998). The science of complexity is not a single theory but a 

scientific framework that provides rules governing the emergence in self-organising dynamic 

systems. Complexity theory comes from a collection of fields including cognitive science, ecology, 

evolution, game theory, social science, computer science, economics, and immunology, to name a 

few.  

Interdependence is also an important aspect of complex systems. The concept of interdependence 

implies that everything can potentially influence everything else (Strogatz, 2001). Another aspect of 

complex systems is that they are often dynamic where the change within them can occur over many 

different moments in time. Cause and effect may also be distant from one another in terms of time. 

Within complex systems where the focus is on adolescent substance use, for example, there may be 

many possible sub-states within the state space of possibilities that lead to the observed behaviour 

outcomes (Strogatz, 2001). Given that there are virtually many sub-states there would also be many 

opportunities for behaviour change to occur. 

Diffusion/Contagion theory 

Social network properties can impact how cognitions spread through the network (Rogers, 1995). 

The adoption of cognitions by network actors can also be strongly influenced by the dominant 

attitudes held by the social network (Valente, 1996; Valente & Fosados, 2006) as well as homophily 

processes. The operation of multiple social processes for selection and influence on the spread of 

cognition through social networks is called diffusion of information/innovation (a type of contagion 

theory) (Alexander et al., 2001). Diffusion especially with cognitions can move more slowly through 

social networks than some communicable diseases. There are also varying thresholds of adoption 

which act to limit the speed that cognitions tend to spread through social networks, with  network 

actors being in some instances courageous early adopters (Valente & Fosados, 2006). Opinion 

leaders, according to Valente and Fosados, also occupy key positions with regard to the network rate 

of spread for cognitions (2006). 

Small world theory 

The tendency for small world networks occurs when the average network actor has relatively few 

connections while the overall distance between network actors is less than expected by chance (Watts 

& Strogatz, 1998). Small world networks (Figure 2) tend to have many groups of network actors 
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(sub-networks/cliques) connected by bridging actors which provide a connection that shortens an 

otherwise long distance between any given set of network actors. In some instances small world 

networks form when strangers meet for the first time and discover they share a common friend, or 

when a third person determines that two of his/her friends already know each other, or can also occur 

when two friends meet each other unexpectedly (Buchanan, 2003). 

 

Figure 2: Small world network diagram connecting A to B 

 

 (Daniel Walker distributed under a CC-BY 2.0 license) 

 

Scale-free theory 

The scale-free aspect of social networks is a predictable distribution of ties between network actors 

(Barabasi & Crandall, 2003). The distribution generally is not normal but highly skewed since 

network actors tend to have a lower number of ties to other actors rather than a higher number. Also, 

there will be one or few actors in a given network that have many ties. The scale-free distribution is 

thought to result from a tendency that people prefer having network connections that are highly 

central (Barabasi & Crandall, 2003). Subsequently, when node counts increase central actors become 

increasingly central and peripheral members become increasingly peripheral. Preferential attachment 

of new network actors to those who are most popular or central is another indicator of scale-free 

networks. The aspect of scale-free networks alongside the concept of preferential attachments 

indicates that networks can be predictable and stable (Watts, 2007).  

However, scale-free networks generally do not describe human social networks well. There is a major 

criticism with scale free networks where the power law distributions they are based on are only scale 

free with infinitely large networks. According to Watts there is an inherent conflict between having 

a network with power law distribution and infinite size since a given node cannot have ties with more 

than the rest of the nodes in the network (2007). There is also an assumption that growth is costless 
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which is almost never the case with human social networks. However, there is an element of scale 

free networks in human social networks that may not be a very wide spread characteristic but useful 

to consider especially with the geometrically weighted edge-wise parameter effects which have been 

a fundamental building block of random networks, specifically exponential random graph modelling 

(Section 3.5.1). 

The theory of triadic influence (social influence) 

The theory of triadic influence is a derivative of the theory of reasoned action (Liska, 1984; Urberg 

et al., 2003). The theory of triadic influence understands behaviour to be a social influence process 

resulting from environment, immediate social context and personal influences. Global attitudes or 

behaviours are shaped based on environmental information. The global attitudes then become 

interpreted or evaluated based on social normative beliefs or other people directly encouraging the 

behaviour (Robins, Snijders, Wang, Handcock, & Pattison, 2007). The personal aspect of the theory 

posits that personality characteristics can also contribute directly to the behaviour. Each of the three 

streams of influence independently drives the person to adopt the behaviour. The theory also 

acknowledges that initial behaviours often become repeated such as with adolescent substance use. 

Homophily (social selection) 

Homophily is the tendency for people to group together with similar others and results from network 

structural processes at the micro/individual level (Lazer et al., 2009). Often social networks exhibit 

a tendency for network actors to choose friends based on the same gender or ethnicity as well as 

cognitive attributes such as beliefs or behaviours (McPherson, Smith-Lovin, & Cook, 2001). 

Subsequently, a social network often resembles its members regarding key attributes. As a human 

tendency homophily also explains aspects of small world networks such as why most people tend to 

know others of the same ethnicity or religion. The tendency for homophily restricts the range of 

characteristics of potential social contacts a person has and produces a probability higher than 

random chance would indicate that two people will have an acquaintance in common (Centola, 

Gonzalez-Avella, Eguiluz, & San Miguel, 2007). In terms of cognitions such as health behaviours 

and beliefs anything beyond what is already entrenched within a given social network would face 

challenges because if most network members are similar in their beliefs there would be few 

opportunities for new ideas to enter (Kossinets & Watts, 2009). Alternatively, the diffusion of certain 

beliefs that are compatible with those already held by homogeneous social networks can also be 

spread relatively easily once a small portion of the network succumbs. 

Homophily driven by actor attributes such as gender also affect network formation (Centola et al., 

2007). Females for example are relatively more likely to form intimate social networks, encourage 
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self-disclosure to close friends and avoid isolating themselves (Fujimoto & Valente, 2012). There is 

also empirical evidence suggesting that most friendship networks especially among adolescents have 

strong tendencies for homophily (McPherson et al., 2001). 

 

3.4. Social Network Research Rationale 

Public Health Significance 

In order to design interventions to further reduce adolescent substance use in New Zealand it is 

essential to develop detailed knowledge about the complex social mechanisms by which substance 

use behaviours start, stabilise and dissolve.  Smoking is one of the primary preventable causes of 

premature death in western countries (Ezzati & Lopez, 2003; C. Warren, Jones, Eriksen, & Asma, 

2006). Similarities regarding other substances including alcohol have long been known to exhibit 

network autocorrelation (Doreian & Stokman, 1997; Doreian, 2001). In order to develop useful 

policies and interventions and make further progress in reducing adolescent smoking/drinking rates 

it is important to determine if selection or influence processes are related to network autocorrelation.  

The cross-sectional and longitudinal modelling in this thesis can potentially offer useful tools to 

inform public health policies. In addition, correlations between substance use and friendship, the co-

evolution of friendship and substance use and the differentiation between influence and selection can 

provide insights that traditional research methods do not. Understanding the social dynamics that 

influence tobacco and alcohol use may enable substance use interventions to be more targeted 

improving their efficacy (Mercken et al., 2010). Friendships and social networks are an important 

aspect of these processes especially among adolescents (Valente & Pumpuang, 2007). Research 

suggests peer influence to be a social process where the behaviour (such as drinking or smoking) of 

a central network actor affects or is affected by the behaviours present among other actors in the 

social network (Haas & Schaefer, 2014).  

The social process of peer influence can be considered a type of contagion where behaviours are 

gradually adopted by friends until actors in the network become more similar to one another over 

time (Light et al., 2013). This process has been observed in other areas of adolescent behaviour such 

as delinquency, academic achievement, and sexual behaviour to name a few (Billy & Udry, 1985; 

McPherson et al., 2001). For example, adolescent smokers tend to have other friends who smoke and 

this occurs more often than among non-smokers (Lanese, Banks, & Keller, 1972; Mercken et al., 

2012). However it is unclear if it is a question of selection based on already similar smoking habits 

or social influence (Moffitt & Caspi, 2001). Subsequently, any claim, for example, that the driver of 
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the observed processes is social influence needs to adequately control for selection processes and 

vice versa (Steglich, Snijders, & Pearson, 2010a).  

Statistical network analysis modelling 

Networks are multi-level complex (interdependent) systems in the sense that they have nodes, 

attributes, dyadic/triadic structures interacting with each other. Besides baseline descriptive statistics 

there is a need to engage in higher level generative and inferential statistical modelling specifically 

adapted to handle the complexities of network data sets. Subsequently a probabilistic approach is 

used in this thesis to quantitatively analyse networks and to test hypotheses about adolescent 

substance use in New Zealand.  

The generative statistical methods used in this thesis provide an error for the distribution of possible 

simulated social network outcomes. Statistical testing also helps to evaluate the significance of 

network structures (effect parameters) and to control for alternative processes which can generate 

smaller network configurations (T. A. B. Snijders & Baerveldt, 2003). Furthermore, a statistical 

process generates rules to explain global network patterns. Each model discussed in this thesis is 

assigned a probability to all the possible simulated networks generated by their respective algorithms. 

They treat the observed networks as merely one realisation of the state space distribution (all possible 

network configurations) of simulated networks sampled from the state space. 

 

3.5. Social network analysis modelling 

The following sections introduce the two main models (described in the analysis section in Chapter 

4 of this thesis), exponential random graph models (ERGMs), stochastic actor-oriented models 

(SAOMs), the methodology and analytic strategy fundamental to each model. Also, a diffusion of 

innovation model (DOI) derived from SAOMs will be introduced which examines adoption and 

diffusion rates through networks. The following subsections will discuss the limitations of the chosen 

model type, inadequacies of other ERGM types, the variable types included in ERGMs, model 

advantages and the application of the model with collected data sets. 

Modelling Dynamic social and behavioural processes 

The network modelling described in this thesis takes the perspective that social and behavioural 

processes are dynamic and exist in equilibrium. The equilibrium is not fixed but evolving. 
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Evolutionary changes are actually stochastic fluctuations that lack a trend.7 Although an ERGM is 

similar to the SAOM in the treatment of network structure (Wasserman & Faust, 1994; Wasserman 

& Pattison, 1996; Robins, Snijders, Wang, Handcock, & Pattison, 2007) a point of differentiation for 

an ERGM is that the only way to get random draws from a probability distribution is to simulate a 

process longitudinally (sampling from the process) until it reaches an equilibrium (T. A. Snijders & 

Van Duijn, 2002). Alternatively SAOMs overcome this limitation of ERGMs since they can start 

from a point where the longitudinal data already exists (longitudinal data no longer needs to be 

generated to create the equilibrium). Essentially both types of models approach the estimation 

process from different perspectives. ERGMs make estimations from the perspective of the series of 

ties and macro-level network formations rather than being actor-based as SAOMs. 

SAOMs and diffusion models are a more general form of modelling compared with ERGMs since 

the observations required for modelling longitudinal data sets do not require any one observation to 

be in equilibrium (Lusher et al., 2013). Since networks are observed in a sequence – a requirement 

of SAOMs – there is greater likelihood that it can capture elements somewhere in the sequence of 

observations that might be missed by a single observation used in an ERGM (Schweinberger, 2011). 

An example of this scenario is that a single observation such as that used in ERGMs (the most popular 

model type in the literature) which are suited to handle cross-sectional data and quantify homophily 

might miss some aspect of transitivity (the friend of a friend is also a friend) that would otherwise be 

captured in subsequent friendship network observations in a longitudinal sequence of observations.  

3.5.1 Exponential Random Graph Models (ERGM) 

The main innovation that led to the development of social circuit models was the introduction of 

Markov dependence - the pivotal moment tie dependency was included in a model (Lusher et al., 

2013). Logistic regression enabled the modelling of parameter effects for network structure and actor 

attributes, inferential analyses and correlations between dependent and independent variables. 

ERGMs are essentially a hybrid of traditional statistical modelling approaches with descriptive and 

generative properties. There is an added relational (dyad) unit of analysis where observations on any 

aspect of a network may be dependent on many others (complex systems) for which there are 

complex nonlinear and threshold effects (Koskinen & Snijders, 2007). ERGMs provide an ability to 

test if structural patterns exist and if network actors with specific characteristics have relationships 

to one another or have similar behaviour to one another (relating to the whole network similarly).  

                                                           
7 A stochastic process is a type of random process made up of a collection of random variables (model effects) 
depicting the evolution of a system where the outcome is not unidirectional but indeterminate with many potential 
directions for the evolutionary path to take (T. A. Snijders & Van Duijn, 2002).  
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An ERGM distilled down to its basic components resembles a generalised linear model (e.g. log-

linear and logistic regression) (Lusher et al., 2013). The language of ERGMs and the other models 

discussed in this thesis is familiar from generalised linear models such as logistic regression, for 

example (Morris, Handcock, & Hunter, 2008). However, ERGMs differ from generalised linear 

models in two fundamental ways. Firstly, they assume dependence between observations, not 

independence. Secondly, model effects are specified conditional on the rest of the graph so that 

predictions for one tie variable need to take account of all the tie variables existing in the network 

(Lusher et al., 2013). 

ERGMs allow inferences to be made about underlying structural processes (social selection) and 

some hypothesis testing but cannot model network evolution. Models assume the observed network 

is just one of many possible network configurations (a fixed set of nodes and ties connecting nodes). 

Local network characteristics in an ERGM are treated as determinants of the range of overall network 

configurations. Furthermore, the local structural effects are weighted to form an overall picture of 

the network and actor level outcomes. Understanding the parameter estimates for the local effects 

being modelled can determine if the network came about by chance or if it is more or less different 

than would be expected by chance. In other words the observed network is compared to a distribution 

of randomly simulated networks that have the same number of actors as the observed network. 

Network neighbourhoods/local structures 

The perspective of an ERGM, unlike other model types described in this thesis, is focused on how 

local structures affect the global network structure. Using ERGMs can help determine how small 

configurations like reciprocity interact with other local structural characteristics to drive the larger 

network structure. Additionally, actor attributes can be specified in the model to determine if they 

are related to network structure (selection).  

Variable types 

There are two basic variable inputs used in ERGMs: an adjacency matrix representing the friendship 

ties between two actors and, for this research, a vector of actor attributes as model inputs. Once the 

algorithm has been modelled with the data, output in terms of model parameters are generated that 

suggest if a network tends toward some specific structural configurations given in the context of 

other theoretical and default model effects (parameterising local structures). 

Explanatory variables are either individual actor-based covariates or the ties between pairs of actors 

(dyadic covariates) (Hunter, 2007; Hunter, Handcock, Butts, Goodreau, & Morris, 2008; Morris et 

al., 2008). Explanatory variables are independent and exogenous to the model. Tie and behaviour 
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variables, on the other hand, are dependent and endogenous to the model (they are directly modelled) 

(Wang, Sharpe, Robins, & Pattison, 2009). The tie structure or dependence between ties include 

reciprocity (ties that are sent are also received), out degree (outgoing ties), in-degree (incoming ties), 

transitivity (a friend of a friend is also a friend), and popularity (choices lead to more choices), to 

name a few that were used in this research.  

Rationale 

For health behaviour research ERGMs are useful for distilling the network down into characteristics 

of local tie configurations to predict global structural configurations (Steglich et al., 2010a). One of 

the main questions ERGMs help to address by doing this is what degree social selection processes 

play in adolescent substance use behaviours. A least squares regression method does not work 

because one of the main assumptions of ERGMs is that network data violate assumptions of 

observational independence (Lusher et al., 2013; Robins, Snijders, Wang, Handcock, & Pattison, 

2007).  

Limitations 

ERGMs are not particularly suited for comparing social selection and social influence mechanisms.8  

Advantages 

ERGMs can take advantage of cross-sectional network data sets, model many types of local network 

structures and actor behaviours simultaneously, and provide likelihood measures (parameter 

estimates) for hypothesised network and attribute effects (Zappa, 2011).  

An ERGM also undertakes several actions simultaneously, including conditioning a model with 

similar characteristics to an observed network as well as accounting for potential random ties and 

even the relative dependencies between ties. Besides the network structure ERGMs also account for 

actor attributes in order to test model parameters either theoretical or hypothesised. As mentioned 

previously there is a distribution of random graphs simulated from a baseline set of parameters (Wang 

et al., 2009; Wang, Pattison, & Robins, 2013). The parameter values are actually estimates produced 

by a series of runs that continually refine and compare the simulated distribution of random graphs 

to the observed graph (Wasserman & Robins, 2005). Subsequently, the parameter estimates are a 

likelihood of the structural effects from the observed network data set (Robins, & Steinley, 2007). 

 

                                                           
8 Social selection occurs when individuals change networks to be consistent with behaviour whereas influence occurs 
when individuals change behaviours to be consistent with their networks. 
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ERGM strengths 

 Basic descriptives and network structure can be generated.  

 Correlations between actor attributes and network structure can be defined.  

 Network data can be distilled down to the point that potential associations between actor 

attributes and behaviours can be examined while simultaneously controlling for the first two 

properties of ERGMs. 

 The significance of effects can be determined. 

3.5.2 Stochastic Actor-Oriented Models (SAOM)  

Networks evolve over time and there is often a complex set of factors that influence the evolution of 

the network and actor behaviours (T. A. B. Snijders, Steglich, & Schweinberger, 2007). In order to 

test the degree that specific properties drive network evolution requires an estimation procedure that 

identifies if behaviours are actually associated with tie changes (creation/dissolution/maintenance) 

between actors. SAOMs follow similar logic to ERGMs except that instead of generating hundreds 

or thousands of simulated networks to compare against observed networks as ERGMs do, the SAOM 

provides a specification as to how a network changes (network evolution) from one observation to 

the next (T. A. Snijders & Van Duijn, 2002; T. A. B. Snijders et al., 2010).  

Describing how a network evolves over time requires the ability to describe network preferences 

over time (Knecht et al., 2011). The goal of this type of modelling is to determine a set of parameter 

values. The parameter values resulting from the modelling procedures are finalised when the 

expected values of the statistics are equal or close to the observed values. The expected values which 

are derived from the data set are also called the target values for the estimation procedures.  

Unlike counting the frequencies network configurations as ERGMs do, the actor-oriented model uses 

agent-based modelling to simulate dynamic processes (derived from Complex Systems theory and 

non-linear dynamics) (Kossinets & Watts, 2009). Parameter effects are specified that are at least 

theorised to drive the way networks evolve between observations (Knecht et al., 2011). The algorithm 

simulates networks based on the specified model parameters to determine if imposing those evolution 

rules generates networks which are similar to the observed networks at the latest observation (T. A. 

B. Snijders et al., 2007).  

The difficult task for network evolution modelling is trying to specify the tendencies toward specific 

behaviours and network structural properties. The evaluation function in a SAOM represents the 

network structural properties theorised to drive network evolution (T. A. B. Snijders et al., 2010). It 
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also indicates the degree that actors prefer a given network state. Additionally there is a rate function 

that provides an estimate for the number of changes actors can make between observations.9  

The specification of a model is the basis of any estimation especially for co-evolution modelling. 

Effects can be specified in terms of network relations and whether they are independent or dependent 

variables. Effects that model independent actor attributes or dependent network and behaviour 

variables can also be specified as constant or changing. Once model effects are specified, simulations 

can be run to generate networks based on those effects.  

Finally, convergence of the model occurs when the simulation phase produces networks that are 

similar to the observed ones. T-tests which are calculated in the estimation algorithm are used to 

determine how well the simulated networks have converged based on each of the effects being 

modelled (Schweinberger, 2012). Similar to regression statistics a t-value that is greater than 1.96 

indicates a significant estimate and it can be stated that there is a tendency for the effect or effects in 

the observed network. 

Rationale 

Network autocorrelation and social processes like selection and influence are the main reason to use 

SAOMs to model longitudinal network data. In terms of adolescent smoking recent network research 

suggests that adolescent friendship/peer groups are often auto-correlated by smoking behaviour and 

to an extent by substance use behaviour (Abel, Plumridge, & Graham, 2002; M. Pearson & West, 

2003a). Research exploring adolescent smoking suggests that similarity among adolescent friends 

where smoking is modelled as a dependent behaviour variable is driven more by selection processes 

than by influence processes (Mercken et al., 2012).  

Stochastic actor-oriented modelling expresses behaviour as an endogenous process reflected by the 

changing actor attribute variables (social influence processes) (T. A. B. Snijders et al., 2010). 

Influence processes can also include behaviour dynamics that are dependent on network 

configurations. On the other side of the expression is the social selection process which expresses 

the dependence of network dynamics against network behaviour (T. A. B. Snijders et al., 2010). 

Confusingly both cases of influence (Table 1) and selection (Table 2) processes can lead to network 

autocorrelation (actor similarities) (Leenders, 2002). SAOMs are able to help differentiate the two 

                                                           
9 The evaluation function and rate functions are not predetermined by the RSiena software used to perform the 

statistical analysis for this study. 
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processes by controlling for each process and alternative structures simultaneously as endogenous 

model components. 

 

Table 1: Observation gaps leading to misinterpreted influence processes 

Observed network structure 

t0 

    

t1 

  

Influence by peers to use substance 

Alternative structural changes to the network between observations 

t0 

    

t0.1 

  

The friendship ties are cut 

t0.2 

  

Alternative influence processes caused substance use behaviour to be similar 

t1 

  

Selection based on similar substance use behaviour 

 

(T. A. B. Snijders et al., 2010) 
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Table 2: Observation gaps leading to misinterpreted behaviour changes and selection processes 

Observed network structure 

t0 

    

t1 

  

Selection based on similar substance use 

Alternative behavioural changes in the network between observations 

t0 

    

t0.1 

  

Alternative influence processes stopped person from using substance 

t0.2 

  

Alternative selection processes cause selection 

t1 

  

Peer social influence processes causes similar substance use 

   
(T. A. B. Snijders et al., 2010) 

 

Dynamic social processes 

Dynamic tendencies of social selection and social influence processes are the main focus of 

stochastic actor-oriented models (T. A. B. Snijders et al., 2007). Selection tendencies which are fixed 

include entities or states like ethnicity and gender, which in addition to other attributes can influence 

how connections are formed. The selection tendency also referred to as homophily represents the 

concept that actors with some similarity group together because of their similarity (Centola, 2010). 

Influence processes on the other hand consist of alterable characteristics as opposed to fixed ones.  

The influence tendency is a complex process consisting of feedback/interactions between an actor 

attribute, network structure and neighbouring actor (alter) attributes (Burke & Sass, 2008). Since 

actors in the same social network can influence one another (Friedkin, 2001) and because ties are 

also selected based on similarity between actors there are relevant dynamics for studying behaviour 

and network dynamics. The difficulty in modelling these dynamics is that the network variable 
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changes as a function of the network itself (Steglich et al., 2010b). Similarly, actor attribute variables 

are impacted by network variables.  

In this research the influence process is modelled in two ways: first as a co-evolution process 

dissecting behaviour and friendship changes and second as an attitude/perception diffusion process.   

Strengths 

Young children follow non-random rules to sort themselves into social groups based on 

commonalities (Borgatti, Mehra, Brass, & Labianca, 2009; Centola et al., 2007). ERGMs model 

social processes from the perspective of local network structures (local neighbourhoods). 

Alternatively stochastic actor-oriented models model network and behaviour evolution from the 

perspective of network actors. The defining aspect of SAOMs is that they perceive network evolution 

as actor based where individual actors make choices about creating, maintaining, or dissolving their 

ties to other actors as well as behaviours (consciously or subconsciously) (Ripley, Snijders, & 

Preciado, 2013). The choices for tie or behaviour changes by network actors according to the 

modelling type are influenced by network structure, attributes and behaviours of egos/alter (Friedkin, 

2001). Similar to ERGMs, SAOMs offer a statistical means to quantify both the uncertainty and 

reach of the dependent variables. 

Model assumptions 

Before describing the model specifications used in this study it is important to cover some of the 

relevant assumptions. Since a continuous time Markov process (Appendix I) is being modelled, 

friendship and behaviour micro-changes which occur between observations are assumed to occur in 

a sequence (Steglich et al., 2010b). For example, actors can change a network tie or their behaviour 

(or make no change to one or either), and are assumed to react to friendship and behaviour changes 

made by other actors. Furthermore, network ties are assumed to be states rather than brief events (T. 

A. B. Snijders et al., 2010). 

Dynamic networks essentially are networks where the ties connecting network nodes or actors 

change over time such as with social networks. The main assumption is that the set of network ties 

are not events but states that can have inertia and even endure (T. A. B. Snijders & Baerveldt, 2003). 

Friendship networks resemble event assumptions exhibiting gradual change. Network changes are 

also interpreted as Markov processes where for any time point the current network state determines 

the probability for further network evolution without needing earlier network states. The process 

only needs the current state to provide a probability for the next state (Steglich et al., 2010b). 
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3.5.3 Diffusion of innovation/Model for the Hazard/Event history analysis 

The joint modelling of social network evolution and the diffusion of an innovation (DOI) is based 

on a similar method to the co-evolution of friendship and behaviour from the SAOMs above. In the 

diffusion scenario both a contagion of interest which can be a behaviour or cognition can be jointly 

modelled with friendship selection. Both are dependent on one another using an extension of the 

RSiena software application developed by Snijders and Baerveldt (2003). The main difference 

between stochastic actor-oriented modelling and contagion modelling is that the adoption 

(contagion) times follow a proportional hazards model. The time a contagion takes for adoption or 

diffusion depends on a complex set of individual characteristics (covariates) such as gender and 

ethnicity as well as the social network in which the actor is embedded (Valente & Fosados, 2006).  

Rationale 

The spread of a new idea, information or innovation is important for public health especiallyfor the 

diffusion of diseases or adoption of health behaviours. Early modelling methods assumed actor 

homogeneity with respect to adoption rates and also that network structure was static. The 

assumptions were unrealistic especially given the time frame required for diffusions of innovation to 

occur. Actors would be assumed to have the same chance of adopting the behaviour or innovation to 

determine the proportion of actors that made an adoption over time (Bartholomew & Bartholomew, 

1967). There are inherent inadequacies in assuming all actors have the propensity to adopt and 

therefore they should be modelled individually. Event history analyses provide a framework for 

diffusion modelling of actor and network heterogeneities unlike most conventional exponential linear 

models. 

Event history framework 

In order to model individual rates of adoption an event history analysis method provides the 

framework to estimate an individual’s hazard adoption using covariates (Allison, 1984). The 

covariates (explanatory variables) follow an exponential weighted linear combination where an 

increase in covariate value has a multiplicative effect on the hazard value (Tuma & Hannan, 1984). 

This characteristic of weighted linear combinations allows comparisons to be made between network 

actors regarding a covariate value (Blossfeld & Rohwer, 2002). Early diffusion models also focused 

on the proportion of adopters over time (Bartholomew & Bartholomew, 1967).  

Recent modelling techniques use event history analysis (Allison, 1984) to apply an adoption rate 

parameter to address these inadequacies. With an event history analysis the hazard of adopting the 

innovation varies between actors as a dependent variable which is explained by independent 
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variables. The adoption process models the transition frequency for an actor to make an adoption 

within an event history model framework (Palloni & SØRENSEN, 2014).  

Hazard modelling 

The hazard in a hazard model is the frequency of changes from no adoption to adoption (of 

behaviour) and is the main function in an event history analysis. The event history analysis (using a 

Cox regression model) measures adoption risk at multiple time points (Grant, Chen, & May, 2014). 

The fundamental object of hazard modelling (which the diffusion model is based on) is to model the 

frequency or intensity with which actors adopt innovations. The benefit of the hazard modelling 

approach is that it allows for a more concise way to compare hazards between actors and to evaluate 

the effect of an independent variable such as gender (Deroļan, 2002; Greenan, 2012). The object of 

an event history analysis is therefore to measure the risk of adopting a behaviour or cognition 

(hazard) at each continuous time point. Facets of the hazard function include time dependent 

explanatory variables which depend on the current state of the process and parameters to be 

estimated. As in a SAOM the explanatory variables model the functions in the adoption process 

(cognition), including the network and actor attributes, and measure the transition intensity of a 

hazard (model effects).  

The hazard model type is a semi-parametric model which means that there are no prior assumptions 

about the underlying hazard (Tuma & Hannan, 1984). With a proportional hazards model when the 

value on a covariate increases by a certain number of units the resulting effect on the hazard is 

multiplicative. Subsequently, for this research, when increasing a time-dependent independent 

variable by one unit the hazard also increased by a factor of 𝑒𝑥. If two actors differed from each other 

by their gender (time-independent variable), for example, then their two hazards were proportional, 

with the ratio between them being consistent for each observation point.  

Assumptions 

Similar to the stochastic actor-oriented model discussed above, the diffusion model consists of sub-

models. There is a friendship dynamics sub-model and an adoption sub-model in place of the 

behaviour sub-model.  

There are also similar assumptions with diffusion modelling since the observed network and adoption 

indicators are outcomes of an underlying continuous time Markov chain (Appendix I) (Holland & 

Leinhardt, 1977). Essentially, at time t, given the current state of the process Y(t), the times until the 

next changes by the actors of their network ties and adoption indicators are conditionally independent 

random variables. Subsequently, the probability of more than one change to these random variables 
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is zero at any given time (Billingsley, 1995). In addition, there can be at most one change to either 

the network or the number of adopters (mini-step). The assumption does not include scenarios 

involving mutual decisions by two actors to adopt the innovation simultaneously; instead, they can 

only adopt one at a time. Because of this assumption there is some model inertia. Therefore social 

networks where the ties are more enduring, such as those based on friendship, and not transient 

networks such as those based on some communication networks, are most suitable for this type of 

modelling approach. 

 

3.6. Summary 

The modelling methods discussed in this chapter focus on link prediction to infer how ties between 

nodes are likely to occur or what type of ties are more probable (ERGMs). They also focus on the 

co-evolution of network topology and behaviour changes, not from a tie-based perspective but from 

an actor-orientation perspective (SAOMs). The diffusion model discussed in this section builds on 

the SAOM but focuses on the spread or adoption of an idea (in this case propensity to see substance 

use in a negative way). Subsequently, more updated methods for data collection and handling had to 

be considered for the proposed models.  

Incorporating the diffusion model with the main ERGM and SAOM models provided a much more 

detailed feedback loop combining link prediction, network/behaviour dynamics and adoption 

thresholds for substance use. The picture of the cohorts that is depicted by these models reveals how 

the networks change and behaviours and perceptions spread through them. The picture that is painted 

can provide an important framework that accounts for influence and selection and can influence more 

efficient intervention approaches. 

The influential text by Wasserman and Faust describes some of the early methods for providing 

descriptive statistics about social networks (1994). The problem with most of these is that they are 

peripheral methods focused on basic descriptives rather than the testing of relational hypotheses in a 

statistically workable manner. However, in order to model network data with such narrow modelling 

methods meant that the analysis could not move beyond a dyadic (2-node) perspective (Burke & 

Sass, 2008). Being restricted to a dyadic perspective in terms of statistical analysis in essence 

precluded the study of larger social structures likely to be important drivers of contagion and 

influence processes (de la Haye, Robins, Mohr, & Wilson, 2011). Partitioning the network data into 

small groups, the dyadic modelling method is unable to account for many types of network 

complexity.  
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On the other hand statistical network analysis models can enhance traditional public health and social 

epidemiology approaches by accounting for network complexities and associations between tie 

relationships and actor attributes such as substance use behaviours (smoking/drinking). As a result, 

the emergent patterns of tie formations along with their corresponding attributes can be modelled 

rather than pre-defining a model that does not very capably account for such complexities. Early 

methods of network analysis approached modelling from a perspective that saw networks as a static 

configuration of actors centred on simple dyadic configurations. The problem is that networks are 

treated as static variables. Actor behaviours which were an important aspect of this research had to 

be modelled as variables distributed over a network structure across time. Effect configurations for 

each of the model types used in this thesis were capable of being modelled with a number of qualities. 

Each tie between network actors can be estimated in addition to weightings for actor attributes such 

as smoking and drinking behaviour.  
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Chapter 4. Research design and analysis  

This research is both confirmatory, in that hypotheses derived from theory were made before 

measurement, and exploratory by trialling social modelling techniques new to New Zealand public 

health research. Cross-sectional and longitudinal datasets were collected for use in social network 

models. The modelling approaches described in this chapter provided a novel way to test hypotheses 

with regard to adolescent substance use and complex social processes.  

There are three topical sections in this chapter. The first provides an overview of the research design 

including hypotheses and research questions, sample characteristics, and data collection including 

instructions to participants. The second covers experimental design components including model 

frameworks, research equipment and experimental manipulations. Lastly, statistical analysis 

methods incorporating statistical social network modelling and actor based modelling are described 

according to either longitudinal or cross-sectional model type. 

 

4.1. Research Design 

4.1.1 Hypotheses and research questions 

The aim of this thesis is to determine what insights social network modelling can expose about 

adolescent tobacco and alcohol use and to inform effective substance use interventions. By 

investigating the social drivers of smoking and drinking behaviours this thesis examined whether 

friends have similar behaviours, whether friends influence substance use behaviour and how 

perceptions of substance use diffuse through groups. The questions in Table 3 are grouped by model 

type and will be more fully explored in Chapter 5.  
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Table 3: Research hypotheses and questions grouped by social network analysis model type 

 

Existing literature and observation informs hypotheses,  census social network data collection and experimental design 

 

 

Statistical social network analysis and actor-based modelling 

 

Data Model 
Research hypotheses and follow-on questions 

Cross-

sectional 

2 networks 

ERGM (H1): Social network structures exhibit patterns associated with actor attributes including 

substance use behaviours . 

a. Do smokers/drinkers autocorrelate more/less than would be expected? 

b. Do smokers/drinkers receive fewer/more ties than would be expected? 

c. How strong a role does ethnicity, gender, parental/sibling substance use, and access to 

income play in friendship formation/behaviour?  

d. What are other strong social network structure differences among smokers and drinkers? 

Longitudinal 

1 network 

SAOM 

(H2): Over time smokers influence their friends to smoke and drinkers similarly influence their 

friends to start drinking . 

a. Are smokers autocorrelating due to social selection or social influence processes? 

b. Are drinkers autocorrelate due to social selection or social influence processes? 

DOI 

(H3): Anti-substance use perceptions diffuse at a significant rate through social networks. 

a. Does the perception that substance use as a negative behaviour diffuse through the social 

network and what is the rate of adoption if it does? 

b. What actor attributes or network characteristics affect the adoption or diffusion of the 

negative substance use perception? 

 
Infer meaning from simulation model estimations 

 

 

 

4.1.2 Setting 

Schools 

The school setting provided an ideal location to verify several of the hypotheses and research 

questions regarding peer/friendship selection and influence among high risk adolescents. Low decile 

public high schools in the Auckland City region were chosen because they often reflect the socio-

economic census level measures of the populations they draw from. Parental consent was not 

required since participants were at least 16 (age of consent in New Zealand). 
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Two year 12 cohorts were recruited from public co-educational low decile high schools in Auckland 

City for the 2013 academic year.10 The two co-ed public high schools were selected from areas 

known to be at high risk for tobacco and alcohol use and also with a high proportion of Māori and 

Pasifika students, ensuring high risk populations by ethnicity were recruited. Each group was defined 

as having a separate friendship network. Although there was a chance that ties existed between 

networks this was considered small due to the geographic distance between the two schools and was 

not tested. Participants from both school groups (Network 1 and Network 2) were in year 12 and at 

least 16 years old.  Each group was defined as a separate peer network to explore similarities and 

differences within and across genders and ethnicities. In addition, other participant level attributes 

such as access to money (through part-time jobs) and after-school clubs and athletics were also used 

to provide a rich depiction of research participants. 

Typically, those at high risk for cigarette smoking are among the socio-economically marginalised 

groups (lower decile schools and high deprivation census areas). Therefore, census level measures 

were used for locating schools with high risk for substance use and especially for tobacco use. Similar 

criteria are also reflected by larger scale substance use survey research in New Zealand (ASH New 

Zealand, 2011).  

School selection criterion included: 

 Schools within one of the main District Health Board (DHB) catchments for the Auckland 

region 

 Schools in the lower half of the decile range (1-5) indicating lower socio-economic status 

 Co-educational schools in order to investigate the hypothesised effects with gender 

similarities regarding substance use behaviour and friendship selection 

 Schools having at least 20% of eligible study participants consisting of high risk ethnic 

groups including Maori and Pasifika ethnicities. 

These selection criteria were used to define a potential pool of eight schools to take part in the study. 

Two schools expressed willingness to take part in the research. It was hoped that more schools would 

be recruited but during this period the school system in Auckland was in flux due to a central payroll 

problem affecting teacher pay. As a result school administrative staff were unavailable to work with 

researchers during the period. 

                                                           
10 Year 12 is the penultimate year of high school. 
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Schools were asked to provide a list of individuals in year 12 with a minimum age of 16 years in 

order to provide a network boundary and also to create a roster for participant surveys. Participant 

recruitment was initiated only following rigorous screening and consenting protocols. Initially, 

schools that met specified selection criteria (described above) were contacted by phone or email to 

request access to students for surveying and were provided with information about the study. 

Students were then approached and provided with participant information sheets, an opportunity to 

ask questions and sign consent forms. In addition, the opportunity to opt out was reiterated after 

consent forms were signed, and an additional consent (electronically through the web app) was 

required before any research questions could be answered.  

4.1.3 Social network data collection 

Inferential statistical methods are typically used to specify the sampling and data collection processes 

in conventional public health research. Data are collected using probability modelling and the 

independence assumption is a fundamental concept for data collection (Valente, 2005). However, 

social network research prohibits the assumption that observations are independent since networks 

are based on connectivity. New inferential network statistical models have become available to 

account for social network complexities (Lusher et al., 2013).  

Three sampling options were considered:  

 Egocentric sampling collects data from egos (participant network actors) selected from a 

population of interest – with each ego reporting on alters (other network actors) (Valente, 

2005) 

 Partial network sampling uses snowball sampling (a variant of egocentric sampling) 

where egos report on alters who are also surveyed to provide a further level of alters 

(Faust & Wasserman, 1994; Valente, 2005)  

 Complete or census network sampling (Figure 3) chooses a defined boundary such as 

school or classroom, as with this study, which is bounded as the social group of interest. 

Then all or most of the individuals (actors) within the boundary are recruited to participate 

in the study (Lusher et al., 2013). 
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Figure 3. Egocentric and complete network sampling options 

 

 

 

With census samples the advantage over conventional sampling methods is that they can provide 

measures for how connected (interdependent) network members are in addition to measuring how 

attributes of ego actors are associated with alter actor attributes. A complete network sampling design 

was chosen since it has the advantage of capturing all the relational (tie) data in a defined (bounded) 

population (Lusher et al., 2013). This is also one of the most conducive designs for studying 

contagion and homophily (addressing the hypotheses and research questions) because an adjacency 

matrix can be constructed from complete network data sets to map social relationship data (Greenan, 

2012). Complete network sampling also helps to differentiate one actor from others based on 

individual attributes and behaviour attributes such as smoking/drinking. The association of the actor 

to either incoming or outgoing friendship nominations can also be differentiated.  

Ultimately census sampling was chosen for this research, necessitated by the research hypotheses 

and questions. The choice for using a complete sample method for this research besides being 

theoretically important was also a practical choice since the boundary had to be limited to defined 

groups that could be recruited into the study. So, the groups had to be small but not so small that they 

lacked relationship ties and not so big that a significant portion of the group would be left out of the 

research. The school year/classroom social network was also chosen for practical and theoretical 

reasons since adolescent friendships are primarily school-based and the classroom provides a simple 

network boundary.  

Friendship 

Another consideration for this research was determining how to measure friendships (tie 

relationships) between network actors. An important research aim was to investigate adolescent peers 

which are known to impact substance use behaviours (Lazer et al., 2009; Valente, 2012). Close 

friends rather than loose acquaintances yield better data for social influence and selection processes 
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(de la Haye et al., 2011). So, the friendship construct chosen for this research was a range from social 

acquaintances with loose affiliations to close friends with high degrees of intimacy (Erdley, Nangle, 

Burns, Holleb, & Kaye, 2010; Nangle, Erdley, & Gold, 1996).  

Data Collection Protocols 

Data collection protocols were selected to follow those used by ASH NZ with their annual Year 10 

surveys as well as the Youth 2012 survey from the Adolescent Health Research Group (ASH New 

Zealand, 2011). After selecting an appropriate time, school staff and researchers made the initial 

introduction of the study using the participant information sheets as an aid. Because the surveys were 

web-based they were disseminated in the computer labs for both schools. The principal researcher 

was available on site to answer questions and disseminate consent forms and questionnaires to 

participants.  Participants were informed of the study on the same day as the data collection/surveys 

were carried out. ASH NZ contend that delivering short surveys in this way to students at the time 

of introduction is a key strategy for reducing response biases. 

The survey consisted of 27 questions and took on average less than 10 minutes to complete. Surveys 

were conducted in the school computer labs since the questionnaires and consent forms were Internet 

based and dynamic. In addition, surveys were moderated by the principal researcher, often with help 

from a member of the library staff at the school. The survey questions are listed in Appendix B. It 

was also explained to the students that their responses would be anonymised and that they could also 

refuse to participate even at the subsequent data collection point. 

Unfortunately respondents in this type of social network surveying cannot be anonymous during the 

data collection stage. It is similar to focus-group interviews in that at the point of data collection 

there cannot be anonymity but, unlike with focus-groups, participant responses can be made in 

private. To minimise intrusions into the participants' privacy and also since the survey contained 

questions about substance use behaviours of family members, the researchers were the only people 

that had access to the identification roster and de-identified survey data. In addition, the data was 

only processed at the University of Auckland. The names of the respondents with study ID number 

and the collected data were stored in separate files on the computer of the principal researcher. After 

matching the survey data with the participant roster positions, the name file was deleted and from 

that point on, each respondent was identified by a randomly generated number. 

Even though anonymity at the questionnaire/data collection stage was not possible data management 

and reporting procedures ensured participant responses were confidential during data collection and 

de-identified for analysis. To get meaningful social network data, it was necessary to know the 
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identity of the respondent. In order to further mitigate ethical concerns this study used data handling 

techniques to de-identify and aggregate collected data, opting out and pre-survey informed consent. 

The roster did not provide any information to participants that they did not already know. In other 

words participants would either be already familiar with their classmates or not. In addition names 

were not associated with any data sets once participants electronically submitted their survey. 

The de-identification procedures were designed to keep the analysed data anonymous. Survey 

responses could not be linked to specific participants since they were completed electronically and a 

random ID was assigned at the point of survey submission. The principal researcher then downloaded 

the dataset which was automatically de-identified and assigned a student ID number keyed to the 

name of the participant by the survey software. If an open-ended survey was used it might have 

required the researcher to be more involved with the participant and roster ID lists, introducing a 

higher chance for error and risk the integrity of the data set (Borgatti & Molina, 2003). 

Social network surveys usually include a roster (social network component) listing names (first, last) 

of the participants (students enrolled at the school). For this thesis the social network data was 

recorded when participants reported having a friendship link to other participants. The roster listed 

the names of year 12 students in alphabetical order (following established practices) so that 

respondents could easily and reliably nominate friends (Borgatti & Ofem, 2010; Borgatti et al., 

2009). 

Participant instructions 

The participant recruitment protocol follows those used by Action on Smoking and Health (ASH 

NZ) to capture demographic and substance use behaviour data. Student participants for this research 

were informed of the research and invited to participate at the time surveys were distributed. Parental 

consent was not required because participants were all aged 16 years and older (the age of consent 

in New Zealand). Students were then provided with a description of how their responses would be 

used and a description of the research project before being invited to provide consent and complete 

the social network surveys. Written informed consent was required from all participants. Participants 

from the longitudinal cohort were given further opportunities to opt out of the two subsequent data 

collection waves.  

Participants were asked to indicate their own smoking/drinking status and to indicate perceptions of 

substance use behaviour among their older siblings and caregivers/parents (no family member names 

were requested). Ten spaces were provided but no limit was specified for the number of nominations 

nor on the gender or ethnicity of friend nominations. Participants were also instructed to choose their 
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best friends in both subsequent surveys (Appendix B). Demographic information regarding gender, 

ethnicity, and other socio-economic variables was collected in the initial survey wave and subsequent 

waves (for one of the groups) as participants joined the network. 

Participants were also asked to provide family member and co-worker substance use behaviour to 

capture a wider social network beyond the classroom (and year) boundary. These variables were not 

treated as social network data but coded as actor attributes since they were reported from the ego 

perspective (Dolcini, Harper, Watson, Catania, & Ellen, 2005). However, the practical concerns of 

being able to recruit populations outside of the school boundary were too difficult to overcome for 

the current research timeline and funding to go beyond classroom surveying. 

Dependent friendship variable delimitations 

The most important portion of collected data for social network analysis is the binary friendship 

network data organised into an adjacency matrix (Lusher et al., 2013). The number of friends that 

could be nominated by each participant was not specified in advance, although ten spaces were 

provided for the friendship nominations. Also, there was no limitation for participants to base their 

nominations on ethnicity or gender. There is evidence that providing capacity for up to ten 

nominations is sufficient for determining significant network metrics (De La Haye, Robins, Mohr, 

& Wilson, 2011). Studies suggest that as few as five names is the cost effective number of social 

network choices to record (Burt & Merluzzi, 2014). While debate has emerged around the use of 

fixed choice survey designs (Feld & Carter, 2002; Kossinets & Watts, 2009) recent studies suggest 

that fixing the number of names is a viable shortcut when the goal is to estimate the returns to network 

advantage. Asking for more names may be necessary depending on the level of segmentation 

suspected within the network. Since those network characteristics were not known prior to surveying 

it was considered prudent to allow for up to ten nominations. 

There was a strong theoretical consensus for choosing a name generator/nomination prompt to define 

a strong friendship as geodesically close, reciprocated between dyads and having regular interactions 

(Erdley et al., 2010; Nangle et al., 1996). Subsequently, a liking nomination was used to capture 

adolescent friendship networks. Participants were given a list of their school year and peers and 

allowed to identify up to ten from the list using the prompt "like, spend time with or hang out with 

the most". Measuring friendships in this way identifies dyads where unilateral (one-way) and mutual 

(reciprocal) friendship tie data was generated.  

To ensure that respondents only listed their closest friends a limit was placed on possible nominations 

of between three and ten nominations (Berndt, 2002; Halliday & Kwak, 2012). Studies regarding 
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number of nominations suggest that most adolescent friendship groups consist of on average five to 

six members and range between two and ten (Ryan, 2001). Ryan also suggests that providing ten 

opportunities for nomination without specifying a set number is suitable to allow for diversity in out-

degree and also to obtain a valid friendship data set (Davidson, Gest, & Welsh, 2010). 

Name Generator Rationale 

A class roster was chosen as the name generator because:  

 It was important that names were provided accurately and consistently for the data 

collection software and subsequent quantitative analysis. If participants generate names 

in an open-ended way there may be inconsistencies due to spelling, for example, or the 

use of nicknames. More importantly, a social isolate may be lost from the network.  

 A participant might provide names of friends not within the bounded network of a class 

or school. It is important that the network is bounded to include only members of a 

particular school or class cohort as allowing participants to list names may result in people 

being nominated who fall outside the school/class network. Furthermore, it will be 

unknown to the researcher whether such names were in the school network and would 

otherwise be assumed to be so.  

 Misattribution of a name by the researcher and similar types of confusion would be 

avoided using a roster. Students only see a list of classmates whom they will already be 

familiar with. Once participants submit their surveys names will no longer be associated 

with the data sets. So having a roster list of names does not reveal any information that 

the participants do not already know. In addition the researcher will not have any data 

sets to analyse which contain student names or survey ID numbers. 

Participants were provided with a response option to tag friendship nominations as being in the same 

part-time job, same school sports team, same school club, or a family relation in the same class 

(multiple tags were permitted). The friendship network observed at each survey wave was 

represented as a directed adjacency matrix. Cells coded with 1 denoted unilateral friendships between 

participants i and j. Cells coded with 0 represented the absence of a tie between the two nodes. 

Other questions 

Social network surveys were conducted at the start of the 2013 school year for the cross-sectional 

dataset and again just prior to the mid-year break and just prior to end-of-year exams. Data collection 

at each of the schools involved the completion of electronic survey questionnaires during a home 

period/administrative period at the beginning of the school day. Survey questions assessed school-
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based friendships for year ten students, engagement in extracurricular activities, household 

characteristics, tobacco use, alcohol use, and cognitions pertaining to the acceptability of substance 

use (Appendix B). These were also questions regarding household and co-worker substance use.  

The social network portion of the survey required participants to select up to 10 friends from a class 

roster list provided by the school containing first and last names of students in the same school year. 

Friendship here was defined as friends or other students they "hang around with" the most either 

during school or after school. Students were also given the opportunity to tag friends whom they 

went to school with as family relations, co-workers, sport teammates, or school club group mates. 

Participants were not given the opportunity to list friends outside of school. 

4.1.4 Survey 

Participants completed a questionnaire (Appendix B) distributed via web-based survey. The initial 

survey of substance use among two cohorts of year 12 students was undertaken within the first month 

of school starting. A longitudinal social network dataset (binary adjacency matrix) was collected 

from one of the cohorts with minimum age of 16 from public co-ed high schools in the 

Auckland/Manukau DHB catchments. The two follow-up questionnaires (same questions as the 

initial survey) were used to measure the evolution of both network and substance use behaviour 

variables over one academic year (2013). All participants were allowed to enter the study at later 

observations or leave early. 

Two follow-up surveys were also distributed to participants through online surveys, each spaced 

three months apart. The initial survey was conducted during February, the first month of the 2013 

school year. The second survey was given just after mid-term exams near the middle of the academic 

year and the final observation wave was conducted several weeks prior to final examinations in late 

November 2013. Each of the three questionnaires were identical in content and format. Completed 

electronic surveys were uploaded to the University of Auckland server from a web-based survey tool 

for data analysis. 

Substance Use Behaviour Measures 

Behaviour data, the most important component of this research after social network data indicate the 

presence or intensity of behaviour. Behaviour variables were used to show actors’ smoking/drinking 

status and degree using ordered categories expressing the quantity of substances consumed. 

Behaviour here was not just a literal behaviour such as substance use but included attitudes such as 

the acceptability of substance use. Behaviour variables in this study were either binary or ordinal 

discrete. The SAOMs and diffusion models used behaviour data to express how actors increase, 
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decrease or maintain behaviour and the ERGMs used behaviour variables as such to look for 

correlations with network tie patterns. 

Five survey questions assessed substance use (Appendix B). Two prompts asked participants to 

indicate personal levels of tobacco use and alcohol use. Three prompts examined cognitions relating 

to substance use, namely, how smoking and drinking are viewed by participants. These questions 

asked whether cigarettes and alcohol were OK for people of similar ages to use regularly and one 

question asked about whether any substances are OK for people of similar ages to use regularly.  

 

4.2. Research instruments and software settings 

Participants completed an electronic survey designed with Survey Gizmo software (a web-based tool 

used in other adolescent substance use survey research) (Hinton, Signal, & Ghea, 2013; Noonan & 

Kulbok, 2012; Siegel, DiLoreto, Johnson, Fortunato, & Dejong, 2011).  

Matrix manipulations were carried out using the Ucinet 6 software package version 6.475 (Borgatti, 

Everett, & Freeman, 2002). A separate visualisation suite Netdraw version 2.131 which is attached 

to the Ucinet software package was used to generate initial graph visualisations (Borgatti, 2002). 

Graph visualisations were plotted using two software packages – the first Visone version 2.17 was 

used for graph visualisation and basic descriptive statistic calculations. Visone was chosen because 

it can read RSiena output data and also can generate longitudinal graph animations. The second 

visualisation software Gephi 0.8.2 Beta was particularly helpful with manipulating the matrix data 

from the initial set of matrices generated from Ucinet to produce high resolution graphs. 

The exponential random graph modelling for this study was estimated and goodness of fit tested with 

the R statistical software platform using the ERGM package (Goodreau, Handcock, Hunter, Butts, 

& Morris, 2008). 

4.2.1 Cross-sectional data modelling software and estimation settings 

The algorithm (which implements a Markov Chain Monte Carlo maximum likelihood estimation 

algorithm) derived model parameters and standard errors based on a fixed number of nodes. Once 

estimates converged, goodness of fit estimates were also assessed through simulating parameter 

estimates using the same ERGM software package (Hunter, Goodreau, & Handcock, 2008).  
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The ERGM used the Metropolis Hastings algorithm which randomly drew from a distribution of 

exponential random graphs, and a stochastic approximation algorithm was then chosen to estimate 

the pattern of relationships (with a random graph consisting of the same number of nodes and ties) 

(Wang, Robins, & Pattison, 2009; Robins et al., 2007; T. A. B. Snijders et al., 2006). Following the 

suggestion of (T. A. B. Snijders et al., 2006), graph density and out-degree maximum (10) were fixed 

to resemble the observed network and facilitate convergence of the estimation algorithm. 

Model parameters were estimated using a Method of Moments (MoM) procedure. Other estimation 

procedures such as Maximum Likelihood Estimation (MLE) were trialled and the default MoM 

algorithm provided the best fit for the observed data given the composition change restrictions in the 

data set.11  

4.2.2 Longitudinal data modelling software and estimation 

SAOM 

Each school-based network data set was uploaded to SIENA (Simulation Investigation for Empirical 

Network Analysis), an R package for data analysis and model fitting. The co-evolution of friendship 

ties and substance use behaviours were tested using an implementation of the RSiena (version 1.1-

232) package (Ripley et al., 2013) for the R statistical software platform and described in several 

recent publications (Schweinberger, 2011). The goodness of fit for each of the longitudinal models 

was also handled by RSiena. The same software and estimation algorithm were chosen for the 

Diffusion of Innovation model (DOI). The chosen estimation algorithm originally proposed by 

Robbins and Monro is implemented in RSiena for both longitudinal model types (Robbins & Monro, 

1951). 

 

4.3. Experimental manipulations 

Data handling 

To prepare the data sets for analysis the variables were partitioned into independent or explanatory 

and dependent variables in a similar way that participant variables are processed in standard 

regression modelling. Friendship variables were represented in the two collected data sets as a binary 

directed network placed into an adjacency matrix whose actors were high school students. 

                                                           
11 The method of moments estimation procedure used by RSiena is capable of analysing networks where the 
composition of actors changes when they join or leave the network between observations. This is referred to as the 
method of Huisman and Snijders or the method of joiners and leavers (Huisman & Snijders, 2003).  
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Ties between actors in the network were turned into binary variables on an adjacency matrix that 

could have two states (either a tie between two actors exists or does not exist). Ties that could not 

exist were depicted by using structural zeroes or ties that were necessary for the network with 

structural 1s. These could include students who that are absent from school during data collection or 

joiners and leavers to a network over multiple observations. Structural zeros were used for the joiners 

and leavers in the longitudinal network or for students in either the longitudinal or cross-sectional 

networks who were absent from school during the days of data collection. Network data was treated 

as a dependent or endogenous variable that could show correlations with independent variables, how 

network ties were constructed, maintained, or deleted by the network actors.  

Since ties connecting the nodes represented directed friendships which were not necessarily 

reciprocated between nodes, the network corresponded to an asymmetric adjacency matrix of size n 

x n. Each element yij of the matrix equalled 1 if there was a tie between node i and node j (i=1,...,n; 

j=1,...,n;i not = j) and 0 otherwise (Goodreau et al., 2008). 

Diffusion of Innovation Modelling 

The same software, estimation algorithm, and delimiting estimation settings described above 

(Section 4.2) were used for both the SAOMs and the diffusion models (DOI). However, there were 

some minor changes including several model effects that mirrored designs in recent diffusion 

modelling research (Greenan, 2012; Valente & Fosados, 2006; Weng et al., 2013). 

Out-degree limitations 

The maximum out-degree was limited in RSiena for all the model scenarios so that the simulated 

networks had a maximum out-degree equal to 10 (Ripley et al., 2013). Limiting out-degree more 

accurately reflected the name generator limitations from the name generator. The model algorithm 

was specified to reflect the fact that the name generator only allowed for a maximum of 10 friendship 

nominations in the participant surveys.  

Accounting for time heterogeneity 

In order to study the evolution of networks and behaviour simultaneously a minimum of three 

observation waves were required (for two observation periods). It was important to determine for the 

collected data whether the observed parameter statistics were constant across each of the two periods 

or if they differed across periods (time heterogeneous).12 The procedure for determining the existence 

of time heterogeneity in the data set incorporated easily into the forward model selection procedure 

                                                           
12 In some cases there are indications that if homogeneous effects are incorrectly specified the resulting estimates 
can lead to biases in other model parameters (J. A. Lospinoso, Schweinberger, Snijders, & Ripley, 2011). 
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(Appendix I) (J. Lospinoso, 2011). Therefore the built-in time heterogeneity testing of the RSiena 

software was used along with the overall modelling procedures. It was also another way to test 

goodness of model fit among all model parameters.     

 

4.4. Control and validation features 

4.4.1 Covariate Measures 

Covariates are exogenous variables in the sense that they are not modelled like the network or 

behaviour data, instead they help explain changes in the network structure and behaviour (Steglich 

et al., 2010b). Covariates were either dummy/categorical variables, such as sex or ethnicity, or 

continuous, such as attitudes about school/physical activity. Covariates may have constant values or 

change their values across time periods. Sex and smoking illustrate the differences between constant 

and varying covariates used in the longitudinal model estimations.  

Individual (monadic) and dyadic covariates were used to model the data. Monadic covariates refer 

to characteristics of individual actors (e.g. sex). Participants indicated how much they enjoyed being 

in school, their level of physical activity, part-time employment, tobacco use, alcohol use, substance 

use by members of the household/co-workers and personal cognitions related to substance use, for 

example if they thought the behaviour was "OK" or "not OK" to engage in. 

The dyadic covariates mentioned above show attributes of pairs of actors such as those who took part 

in the same sporting events or were members of the same household. Additional friendship adjacency 

matrices were generated to represent a range of relationship types (as a classroom friendship 

modifier). The modifier adjacency matrices depicting teammates for athletics, co-workers, or 

involvement with the same school club are referred to as dyadic covariates. 

Attributes/covariates 

The survey had three main components measuring personal behaviours and cognitions (positive view 

of smoking/drinking), control attributes and cognitions for each participant, and social network 

survey (friendship name generator) to develop the graph of the participant's friendship network. The 

control attributes ranged from routine gender and ethnicity prompts to questions that attempted to 

tease out whether actors liked school, engaged in physical activity, and held part-time jobs. In 

addition, survey questions also asked about the extent participants came into contact with people 
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outside classroom environments who smoked cigarettes or drank alcohol. Those responses could 

include co-workers, members of their household, or classmates in extra-curricular activities. 

Data on several individual variables was collected along with the social network survey. Some of the 

variables or actor attributes were hypothesised sources for heterogeneity or homogeneity in 

behaviours and cognitions (Mercken et al., 2010; M. Pearson & West, 2003a). Other variables were 

control variables and also potentially causal (J. A. Lospinoso & Satchell, 2011; Valente, 2005).  

Attributes associated with the formation of adolescent friendships, including gender, ethnicity, part-

time work (access to money), feelings regarding school, and engagement in physical activity were 

treated as control attributes in the model design, as were variables associated with family and co-

worker substance use. The individual attribute questions were multiple choice and their responses 

were adapted from responses in the Youth 2000 survey series, a health and wellbeing survey of New 

Zealand secondary school students. Specifically the Youth 2012 surveys were helpful for providing 

substance use quantitative responses as well as the ethnicity categories used commonly with New 

Zealand surveys (Clark et al., 2013).  

Participants recorded their gender (1= male, 2=female) and whether they identified with an ethnicity 

or multiple ethnicities. Participants were also given the option to choose an ethnicity they identified 

with most if they chose multiple ethnicities. Participants could also indicate if they held part-time or 

after school work as an indication of pocket money. Access to pocket money was considered an 

important control attribute since both schools were among some of the poorest in the Auckland region 

in terms of census area socio-economic measures (decile 1 and 3) and the relatively high cost of 

tobacco and alcohol products, especially given recently implemented tobacco tax increases.  

Goodness of fit 

Goodness of fit procedures were used to check if the models could replicate features of the data that 

were not explicitly modelled. Standard goodness of fit procedures such as Chi-square tests could not 

be used with ERGMs (T. A. B. Snijders et al., 2006). Goodness of fit assumes that if an already 

estimated and fitted model adequately describes the data generating process as the observed network 

data then the graphs simulated by the model should also be similar to the observed data ((Robins, 

Snijders, Wang, Handcock, & Pattison, 2007; Wang et al., 2009; Wasserman & Robins, 2005).  

The goodness of fit (GOF) testing for the ERGMs in this thesis also involved determining how well 

the model simulations fitted with the observed data. The GOF procedures within the ERGM R 

package generated a large distribution of networks from the fitted model using a simulation algorithm 

(Morris et al., 2008). A statistical analysis was performed on the observed and simulated parameter 
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coefficients. A group of effects were chosen for the GOF test in a similar way that effects were 

chosen for the estimated model.13 The same statistics from the estimated model were used in the 

GOF testing (default parameters) in addition to statistics not included in the estimated model such as 

the geodesic distribution effect. 

Besides time heterogeneity and score-type tests the RSiena software used to model the longitudinal 

data set has a dedicated goodness of fit function (J. Lospinoso & Snijders, 2011). The procedure 

(Appendix R) was used to determine how well the model captured features of the data which were 

not explicitly modelled. Once a particular model was estimated the converged model parameters 

were used to simulate a distribution of graphs. The distribution of simulated graphs was then used to 

test how well previously unspecified parameters could also fit the simulated data. If the fitted model 

was sufficient to explain a feature of the data previously un-modelled during the estimation phase 

then the corresponding feature was not extreme (in the distribution of graphs) and the initial estimated 

model (fitted) fit the data well.   

Collinearity check 

Another test of model fit was to check for collinearity. A covariance matrix was produced by the 

RSiena program with variances as the squares of the standard errors (Ripley et al., 2013). The 

correlations represented in the covariance matrix were between the estimated out-degree effect and 

the estimated reciprocity Collinearities between all the modelled effects could be found in the 

covariance matrix produced by RSiena. The correlations could then be used to see whether there was 

an important degree of collinearity between the effects.14 According to Ripley et al., (2013) having 

one or more of the correlations very close to -1.0 or +1.0 was a sign of near collinearity which 

occurred among the behaviour variables in some of the models presented in this thesis. When there 

was collinearity between parameters the standard errors were also large for those parameters.15  

Convergence check 

Once model parameter statistics were estimated, the first step in the process of checking the fitness 

of the model is to determine how well the algorithm converged by examining the t-ratios for 

                                                           
13 Any valid network statistic can be used for the GOF testing (Morris, Handcock, & Hunter, 2008). 

14 Collinearity means that several different combinations of parameter values can represent the same data pattern or 
network values. 
15 The problem with strong collinearity (high correlations between parameter estimates) is that the estimated standard 

errors become much less reliable. The parameter estimates begin to have considerable differences as well when 
comparing the results produced by different estimation runs.  
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convergence. This check considered deviations between simulated values (from Phase 3 in the 

estimation process) of the statistics and their observed values (the target statistics). Ideally, the 

deviations should be zero (Steglich et al., 2010b). Because of the stochastic property of the algorithm, 

acceptable convergence occurs even when there are small deviations that are not exactly equal to 

zero. RSiena is used to calculate the averages and standard deviations to combine these into t-ratios 

(average divided by standard deviation). Convergence was considered good when the t-ratios were 

less than .1 in absolute value, and reasonably good if the ratios were less than (.15).   

Missing data and composition change 

Missing data tend to be caused by processes that are not totally random, and consequently risk biasing 

the results (Huisman & Snijders, 2003; Huisman, 2009). SAOMs are able to distinguish between 2 

types of missing values: 1) the absence of actors from the network and 2) random missingness. The 

absence of actors from the network scenario refers to composition change. The RSiena software 

package was used to impute composition change data to specify that some actors left or joined the 

network between observations (during the simulation process). The composition change of the actors 

in the network was then applied to all dependent variables (networks, behaviours) simultaneously. 

In the second case, missing values were treated as randomly missing. There is a threshold of missing 

data for SAOMs to simulate networks that actually reflect social processes. The threshold with 

randomly missing data is generally no more than 20% (Huisman, 2009). With too many missing 

values, simulations tend to be unstable, and the estimated parameters may not be reliable anymore. 

It is normal in social networks that actors join and leave networks over time. Joining and leaving (or 

composition change) was captured when the network was observed at various time points. SAOMs 

are able to account for joining and leaving either by using structural zeroes or by using the method 

of joiners and leavers as was done with this study (Huisman & Snijders, 2003). The Huisman-

Snijders method uses information about composition change in an efficient way by differentiating 

composition change from the treatment of missing data (Hipp et al., 2015). The adjacency matrices 

for this study specified all actors who were part of the network at any observation point. Adjacency 

matrices had the same number of rows and columns (n x n), with each actor having a separate line in 

the matrices. This was held even for previous observation matrices where the actor was not present 

at the point of observation such as when a student became a school leaver (e.g. transferred to another 

school) or when the actor had not yet joined the network. 

The longitudinal model was able to compensate for some missing data on network variables, 

covariates, and dependent behaviour variables. The model treated missing values as non-informative. 

Missing values can potentially cause problems with the analysis by making the estimation less stable. 
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Up to 10% missing data generally does not cause model degeneracy or other problems with the 

analysis if the data that is missing is actually non-informative (Hipp, Wang, Butts, Jose, & Lakon, 

2015). With SAOMs there is also a threshold of 20% for missing data on any of the variables being 

modelled that if exceeded may cause convergence problems. So, for the purposes of this research it 

was necessary that only data sets not exceeding 20% missing data for any variable were modelled.  

RSiena was able to impute missing values during the network simulation phase in order to calculate 

target statistics (using the Method of Moments estimation algorithm) (Huisman, 2009). During 

network simulation missing ties and missing actor variables were not modelled. Simulations 

accounted for all tie and actor variables as if they were complete and not missing. In order to impute 

the missing data initial observations that were missing in the adjacency matrix were set to 0. A 0 cell 

in an adjacency matrix assumed there was no tie between two actors.16 So, not having a tie is typically 

the modal value for tie variables. Additionally, for any of the tie or actor variables, if there was a 

previously observed value of 1 then this value was used to impute the current value. The last observed 

1 was carried forward following the method of Lepkowski, Kalton and Kasprzyk (Lepkowski, 

Kalton, & Kasprzyk, 1989). Along the same lines if the last observed value was 0 then 0 was also 

carried forward and imputed. 

For the dependent behaviour variables the same approach was implemented by the network 

simulation phase of the algorithm. If there was a previous observation for the behaviour variable and 

the current one being considered was missing then the previous value was brought forward and 

imputed. Values for covariate variables that were missing for a particular observation were imputed 

as the average score over the previous observations of the variable.  

 

4.5. Experimental approach and analysis 

A broad social network analysis framework (including sub-frameworks corresponding to model 

types) was applied to the research questions. The questions address associations between friendship 

networks, actor substance use and demographic attributes, and confounding effects as well as 

interpersonal (selection and influence) processes in the context of two large social networks. The 

choice of models and model components described in this chapter were identified for their ability to 

                                                           
16 The assumption works because almost all adjacency matrices are sparsely populated by non-zero cells especially in 
large networks. 
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answer several research questions while controlling for interdependencies inherent in complex social 

network systems.  

The initial research goal was to collect cross-sectional social network data with a single observation. 

However, a longitudinal social network data set was needed to test hypotheses related to social 

influence and selection. The opportunity arose to collect longitudinal data from one of the recruited 

cohorts. The overall study design was subsequently altered to include a longitudinal approach in 

addition to a cross-sectional approach. The ERGM was used to test potential effects for subsequent 

estimation with the longitudinal models in addition to comparing cross-sectional estimates from the 

two school groups.  

Additionally contagion/diffusion modelling was performed on the longitudinal data set. This change 

in the analysis strategy did not affect data collection nor was already collected data affected. Since 

data collection procedures were identical for both schools the main differences have to do with the 

modelling methods in the following sections. 

The logistics around data collection also informed the overall research design. Sufficient longitudinal 

data could only be collected from one of the two schools recruited necessitating the use of a cross-

sectional data modelling method. For the second school only the initial wave contained sufficient 

social network data for longitudinal analysis. Subsequently a cross-sectional type of data analysis 

was performed using the initial data wave collected from both school groups.  

 

Table 4: Modelling framework 

Data collection Model, data type and 

hypothesis 
Model component 

Effects modelled 

simultaneously 

2 cohorts  

Single web-

based survey 

Exponential random 

graph model (ERGM) 

Cross-sectional data 

H1 

Network component 

Structural effects 

Covariate effects including 

substance use behaviour 

1 cohort 

 

Three web-based 

surveys 

 

 

Stochastic actor-

oriented model 

(SAOM) 

Longitudinal data 

H1 H2 H3 

 

Network component 

(rate and objective 

functions) 

Structural effects 

Covariate effects 

Behaviour component 

(rate and objective 

functions) 

Substance use behaviour 

effects 

Substance use behaviour 

effects 
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4.5.1 Model components: variables and functions 

Friendship selection and behaviour change (i.e. smoking/drinking) were modelled as dependent 

binary variables. The longitudinal measures of these variables (and covariates) represented the 

observed state of the network at given points in time. The network itself was represented as a directed 

binary adjacency matrix with n x n cells, coded as 1 to represent a unilateral friendship tie and 0 to 

represent the absence of a tie between pairs of actors. The other variables were recorded as either 

dichotomous or categorical data. Relational and actor covariate data from non-participants at each 

wave were treated as missing (Ripley et al., 2013). Changes that occurred between observations were 

modelled using continuous time Markov chains, which determined the most likely path of 

unobserved micro-steps taken by actors when changing their ties or behaviour. The parameter 

estimates for the modelled effects allowed for inferences about the mechanisms driving the 

unobserved micro-steps. The micro-steps were able to provide inferences about the overall observed 

changes to the dependent variables.  

Sub-models 

For modelling the co-evolution of the friendship network and actor behaviour, this research used 

multiple sub models for network and behaviour evolution (tested simultaneously), each containing 

separate rate and evaluation functions (Table 4). A network dynamics sub-model tested the effects 

predicting changes to friendship ties, and a behaviour dynamics sub-model tested effects predicting 

changes to the dependent behaviour variable.  

Stochastic actor-oriented models involved the selection of effects into two objective functions. The 

behaviour objective function consisted of the effects used to model changes in adolescent smoking 

levels. It provided the point of assessment for the peer influence effect. The network objective 

functions were made up of effects that modelled changes in adolescent friendship choices. They 

denoted the point at which smoking-based homophily was assessed. The effects described by each 

model were formulated as statistics which expressed a property of an actual or probable state of the 

co-evolution process. The property of the co-evolution process was then weighted by a parameter 

which indicated if the actor preferred or avoided that state. The preference or avoidance was indicated 

by the actors’ own actions either by making a decision about friendship choices or a decision about 

smoking choices, for example.  

4.5.2 Rate and objective functions 

In order to explore influence and selection processes two sub-model specifications for network and 

behaviour change are treated as interdependent variables and modelled simultaneously. Furthermore 
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the unobserved changes (micro-steps) are modelled with two functions to measure change likelihood 

and the frequency of changes (T. A. B. Snijders et al., 2010). The rate function indicates the 

frequency of micro-steps between observations. The objective function describes the probabilities 

associated with a given change. The objective function modelled in this thesis consists of a linear 

combination of model effects which are either default effects or additional effects hypothesised to 

govern changes among the dependent (smoking/drinking) variables. The rate function was modelled 

as a single effect as opposed to the combination of effects with the objective function. Additionally, 

each of the two sub-models for behaviour and network structure includes objective and rate functions 

and are described in more detail below. 

Rate Function 

The rate function models the speed at which dependent variables change. Conceptually it is identical 

for both the dependent network variable and the dependent behaviour variable (Steglich et al., 

2010a). It represents the frequency with which each network actor gets an opportunity to change a 

respective dependent variable score. The rate function also describes the rate that the focal actor 

updates their tie variable (T. A. B. Snijders et al., 2010). According to Snijders et al. the waiting 

times between tie update opportunities are exponentially distributed (2010).  

Objective Function 

Rules that drive changes in substance use (behaviour) and other covariates are dependent on the 

evaluation function, estimated from a linear combination of specified effects similar to the effects in 

generalised linear models (Lusher et al., 2013). The evaluation function is primarily a measure of the 

change probability. Change probabilities resulting from the evaluation function are higher when an 

actor changes from low to high behaviour scores. Another way to demonstrate this concept is that 

the evaluation function models the satisfaction an actor has with the local configuration of network 

actors (Steglich et al., 2010a). The main assumption of the evaluation function is that actors can 

change their scores for the dependent variables in order to improve their total satisfaction with a 

random element (representation of the limited predictability of behaviour). A limitation with 

evaluation functions is that only the local neighbourhood – or only where the actor is located in the 

network – gets evaluated. 

Furthermore, the objective function does not assume that actors are entirely rational in a strategic 

sense nor is it assumed that the estimated parameters from the objective function represent actors’ 

actual preferences (De Klepper et al., 2010). Actors are also unable to consider actions of other 

network actors and subsequently must be understood as reflective of myopic rationality.  
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4.6. Exponential random graph model analysis 

ERGM estimation process 

Since the main goal of an ERGM is to determine the extent that the observed friendship network 

differs from other networks that can occur by chance, the observed network was treated as one 

possibility out of many possible networks and observed simply by chance. A number of random 

networks were simulated using a Markov Chain Monte Carlo maximum likelihood estimation 

(Robins, Snijders, Wang, Handcock, & Pattison, 2007). The resulting simulated networks were then 

compared using the ERGM software against the observed network in terms of a set of model 

parameters. The whole process was then repeated by the software algorithm many times until the 

simulated networks converged (resembled) the features of interest (model parameters) in the 

observed network. Convergence was reached when the ratio between simulated and observed values 

was at or near zero. For this research only models with convergence statistics between -.1 and .1 for 

all model parameters in a given model were accepted for the final ERGM analysis (Wang et al., 

2009). 

Parameter estimates (the focal point of the ERGM estimation process) were obtained by comparing 

the parameter statistics of the observed network for the same effects included in the model. An initial 

set of parameter statistics was used to generate the simulated networks from the dependence statistics 

that indicate which links should occur, given the implied dependencies from observed network. The 

initial portion of the modelling process seeded simulated networks with a random sample of network 

ties and then the rest of the network was filled in according to the specifications derived from the 

structural dependence model. Once an initial set of parameter statistics was obtained the process was 

repeated until the difference between parameter estimates for the observed network and the simulated 

networks were very close in their absolute values (convergence) (Robins, & Steinley, 2007).  

Comparing observed network parameters with the expected values helped to determine the extent 

that social selection processes acted as a driver for adolescent substance use. The selected parameter 

values depicted friendship ties, actor attributes and behaviours. The parameter values were iteratively 

improved through a stochastic simulation process until both the observed and expected values 

resembled one another. Once the structure of the empirical networks were captured, inferences could 

be made about the hypothesised underlying social processes. The distribution of simulated networks 

represented a set space of all possible networks each of which were based on characteristics of the 

observed network. If it occurred that a parameter statistic for the distribution of simulated networks 

and the observed network were too dissimilar it could be inferred that the observed network tended 

toward whichever parameter was dissimilar. 
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4.6.1 Model effect specification 

Once the data components were assembled the next step was to determine which effects to include 

in estimation. When building the models a combination of backward model selection and stepwise 

selection were used to determine how parameter effects should be combined. Initially only 

theoretically relevant effects were included. Then, blocks of similar parameters were selected one by 

one with each subsequent selection followed by goodness of fit testing. The final models consisted 

of a set of parameter effects which produced a converged set of parameter estimates. All the modelled 

effects presented in this thesis are listed in Table 5 and corresponding mathematical specifications 

are provided in Appendix F. 

Using a preliminary descriptive analysis (basic network statistics and network graph visualisations) 

some fundamental structures based on gender, ethnicity and substance use behaviour became evident 

in both groups (Table 5). In addition, as recommended by Lusher et al., basic effects were included 

to measure density (frequency of interactions), reciprocity, and degree distribution (2012). Also 

included were attribute effects based on their relevance for hypotheses testing/research questions as 

well as statistical significance for the model such as drinking/smoking. Actor level effects (not 

including drinking and smoking) were first modelled independently. As there were no significant 

effects found for cognition variables about school, physical activity, and part-time jobs, these 

measures were not included further in the analyses.  

Final models were developed using a backward selection process. Node level effects for behaviour 

and control variables were modelled simultaneously to test for competing effects. Non-significant 

effects were removed systematically. Parameters for node level effects associated with substance use 

(homophily, sender, and receiver effects) were included in the final models. They control for the 

possibility that associations between friendship ties and behaviour may be explained by associations 

between friendship ties and a given substance use behaviour (smoking and drinking) or cognition 

(smoking is OK/not OK and alcohol is OK/not OK). Among the final models node-level effects were 

estimated in conjunction with parameters for structural effects. 

Two different sets of effects were specified: structural/network level effects and actor level effects. 

The models all contained basic network structural effects to measure density and degree distribution 

(the tendency for actors to form ties). Chosen effects modelled the propensity of actors to engage in 

substance use behaviours, and the tendencies of actors to choose friends based on individual 

attributes such as gender/ethnicity. In addition to the main effects for the actor attributes, an option 

was chosen (homophily effect) depicting the differential for each actor attribute: sender effects for 
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capturing the propensity for actors with a specific attribute to send a tie, and receiver effects, the 

tendency for actors with certain attributes to receive a tie.  

Model effects represented mostly individual and context-specific attributes that were hypothesised 

to affect the tendency to engage in smoking/drinking behaviours and cognitions (positive perceptions 

of smoking/drinking behaviours). The propensity of actors who have certain covariate values for 

gender and ethnicity were also modelled based on how the actors interacted with each other. These 

types of interaction effects are called main effects similar to those in a Cox-style regression analysis. 

A positive value of a main effect, for example, suggests a tendency for actors with higher covariate 

values to also have a higher degree.  

In addition, the tendency of actors to interact with homophilous or similar others was modelled. The 

similarity effect was used to estimate homophily. It was specified for both the sources of 

heterogeneity under examination and the control variables. The control variables in the final models 

were gender, ethnicity, and parental/sibling smoking and drinking. 

To test the hypothesis that friends would be similar on the behavioural measures of smoking and 

drinking and related cognitions, the models included parameters for homophily. Homophily 

parameters were also used for the control attributes of gender and ethnicity although for ethnicity a 

variation using a differential option was modelled. To explore associations between popularity and 

individual behaviour, parameters for receiver effects were also included for each behaviour attribute 

as well as for the control attributes. Receiver effects model associations between values for an 

individual variable and in-degree (popularity). Positive estimates indicate high values for in-degree 

and are associated with receiving more ties (being more popular). Sender effects for each behavioural 

variable as well as control variables were also included as a control for in-degree and to model the 

associations between other variables including out-degree. Behavioural measures were standardised 

in order to normalise data. A guide for parameter interpretation is given in: Appendix G. 
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Table 5: Specification of ERGM effects 

Parameter name/Configuration Description 

Edges 

 

This effect adds network statistic equal to the number of edges in the network. This is a 

tendency for tie formation. The arc effect is similar to an intercept effect in a linear 

regression (not necessarily a measure of network density). 

Reciprocity/mutual 

 

This effect adds one network statistic equal to the network statistic of the model. The 

term equals the number of pairs of actors i and j for which (i->j) and (j->i) both exist. In 

practice the term is often positive, implying that reciprocal ties are very likely for 

positive affect networks. 

Popularity 

 

This ‘geometrically weighted in-degree’ effect adds a network statistic to the model 

equal to the weighted in-degree distribution with a weight parameter decay function. A 

negative popularity spread parameter, for example, indicates that most actors have 

similar levels of popularity (the network is not centralised on in-degree).  

Activity spread 

 

This effect adds a network statistic to the model equal to the weighted out-degree 

distribution with weight parameter decay. A negative activity spread parameter 

indicates that most actors have similar levels of activity (the network is not centralised 

on out-degree distribution). 

Triangulation 

 

A positive effect here indicates there is a high degree of closure, or clusters of triangles, 

in the data. 

Cyclic closure 

 

A negative effect indicates tendencies against cyclic triads (sometimes this is interpreted 

as a tendency against generalised exchange or generalised reciprocity). This term 

implies that those who are tied are more likely than chance to have multiple shared 

partners.  

Multiple connectivity 

 

This effect relates to the 2-paths in the network. A negative estimate in conjunction 

with positive triangulation estimate indicates that 2-paths tend to be closed. The effect  
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Sender effects 

 

This effect adds multiple network statistics to the model, one for each of a subset of the 

unique values of the attribute. It gives the number of times a vertex with that attribute 

appears in an edge in the network. It is somewhat more complex than other terms 

included in the model. The sender effect can be thought to measure the degree to 

which actors with a specific attribute (individual drinking or smoking attribute) send 

more ties compared to others in the network. A negative sender effect suggests that 

those who do not have the variable also tend to send ties. The implication is that there 

is a tendency for ties to be sent from nodes with a particular attribute to any node. This 

term also captures inequality. Additionally, it is considered a main effect in a similar 

manner as main effects in linear regression.  

 

Receiver effects 

 

This effect captures inequality. The receiver effect measures the degree to which actors 

with specific attributes have the propensity to receive ties. Models the tendency for ties 

to be sent from any node to nodes with a particular attribute.  

Homophily effects with 

differential 

 

This effect models the tendency for ties to be sent to nodes with the same or similar 

score on a categorical attribute. It captures segregation. There are two options with this 

effect: an option for uniform homophily and an option for differential homophily. Both 

are used in the final set of models.   

(Lusher et al., 2013; Morris et al., 2008; Wang et al., 2009; Wasserman & Robins, 2005) 

 

4.7. Stochastic actor-oriented model analysis 

The SAOMs specified for this research each had two types of sub-model simulation: (1) simulation 

for the evolution of friendship networks (allowing selection processes to be studied) and (2) 

simulation of at least one type of substance use evolution (smoking/drinking behaviour) to study 

influence processes (T. A. B. Snijders et al., 2010). Besides analysing the co-evolution of networks 

and behaviour each model also analysed selection and influence processes together while 

simultaneously controlling each for the other process, as described previously.  

Each of the two sub-models (for selection and influence processes) consisted of two functions for 

frequency of changes (rate function) and rules of change/change probability (objective function). 

The rate function for both the network and behaviour sub-models was used to estimate how many 

opportunities for change occurred between observations. The objective function for the network sub-

model was used to predict probabilities for micro friendship tie changes between observations (to 

create, maintain or dissolve a tie). A behaviour rate function similarly evaluated micro-step changes 

between the observations for uptake, cessation, or no change. Objective functions helped to model 
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the probabilistic effects of changing a tie or behaviour between empirical observations while 

controlling for endogenous covariates (friendship structure and behaviour) and exogenous covariates 

(i.e. gender and ethnicity) (see Tables 6, 7 and 8). 

The longitudinal data set was analysed using an unconditional method of moments estimation 

(Ripley et al., 2013) implemented in the RSiena statistical software version 1.1-232 (Simulation 

investigation for Empirical Network Analysis, (Snijders et al., 2007). The longitudinal data set was 

also tested for suitability for estimation with SAOMs (Appendix J). A simulation was created to 

model the most probable course of changes as very small micro-steps producing the observed 

changes (T. A. Snijders & Van Duijn, 2002).17 The model treats a decision to change state as based 

only on the state of the actor at the current moment – not on previous states (a memoriless algorithm) 

(Robbins & Monro, 1951).  

The following sections describe the modelling approach, rationale, model components and the 

features which allow SAOMs to estimate dynamic processes (friendship and substance use 

behaviour) in continuous time. The set of rules being modelled at the end of the chapter can be 

thought of as a linear combination of specified effects, similar to the effects modelled with 

generalised linear models.  

4.7.1 Model specification process 

Models were estimated based on a forward selection modelling process suggested by Schweinberger 

and Lospinoso where parameter effects for each covariate were score tested against a null model 

(Baller, Lospinoso, & Johnson, 2008; Schweinberger, 2011). The effects that tested significant were 

added to the model. Behaviour variables and theoretically important covariates (regardless of 

significance) such as substance use cognitions and actor level covariates such as ethnicity variables 

were retained in the model. In addition, if there was a grouping of effects being score tested, such as 

the ego, alter and similarity effect for a given covariate such as gender, and one of the three was 

significant with the score-test, then all three were added to the model for estimation. After 

determining the best fitting structural effects a model was fitted with three dependent variables 

including friendship, smoking, and drinking in order to control for all three simultaneously. 

Regarding parameter selection, a baseline model for friendship dynamics was used in each 

longitudinal model presented in this section. Substance use (behaviour) dynamics were modelled in 

                                                           
17 A micro-step is the change between an actor having no tie and creating one, having a tie and dissolving one or 
doing nothing. Micro-steps also apply in the same way to behaviour variables (smoking and drinking) as creating, 
maintaining and dissolving the behaviour. 
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several different ways: first as separate models for smoking and drinking. Behaviour was also 

estimated in combined models with substance use variables for friendship dynamics modelled 

simultaneously with and without actor attribute covariates (Table 7). A more detailed description of 

the mathematical specification for parameter effects used in the models and their derivation and 

significance can be found in Appendix M. 

Parameter effects were combined by specifying the hypothesised or theoretical effects for the 

evolution of each dependent variable (network or behaviour). The model was then based on four 

functions which were affected by the network characteristics, behaviour(s) and actor covariates 

(attributes).  The functions were derived with a weighted sum of effects (characteristics of the 

network and dependent behaviour variables) that affect change probabilities. The sections below 

identify the important effects and variable categories included in the models. 

Standard structural effects 

In order to control for structural dependencies that influence tendencies to form adolescent peer 

friendship in the context of autocorrelation, an outgoing ties effect modelled the overall tendency for 

actors to nominate a friend (Mercken et al., 2010).18 Additionally, a reciprocating ties effect captured 

the tendency for actors to send ties to actors they already receive ties from. Similarly a transitivity 

effect (transitive ties) captured the tendency for actors to nominate friends who are also friends of 

their current group of friends. By including these structural effects the intention was to make a model 

able to predict friendship ties, especially with regard to transitivity.  

Basic shape effects 

The specification of model effects required a curvilinear function. The function indicates an optimal 

value of the behaviour and also draws actors toward that optimal value (Steglich et al., 2010a). If an 

actor’s current value for the behaviour is higher than the optimal value they will decrease it and if 

their value is lower than the optimal value they will increase it. This process is represented by a 

quadratic shape effect and also a linear shape effect.  

Influence and position dependent effects 

Unlike shape parameters that reflect the behaviour tendency of all network actors, additional terms 

are needed to differentiate actors on the basis of their position in the network and the behaviour of 

their alters. There are three ways to model social influences, as mentioned above. Research suggests 

that peers who nominate a classmate as a friend are often more likely than others to receive a 

                                                           
18 Social networks have a property called autocorrelation which causes the likelihood of friendship ties between two 
actors to be dependent on the presence (or absence) of other ties. 
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friendship nomination (reciprocating ties), as are friends of friends (transitivity) (Mercken et al., 

2010). Adolescents are also unlikely to nominate friends arbitrarily (outgoing friendship ties) 

(Urberg et al., 2003). Accounting for these known likelihoods, effects of covariates such as gender 

and ethnicity on friendship choices were also controlled (Table 7). Additionally, the final models 

included a series of effects of network structure on friendship choices for each actor. 

Table 6: Network structural dynamics sub-model 

Effect Name and Configuration 

(Evaluation effects) 

Description 

Out-degree effect 

 

Out-degree is the count of friends an actor nominates. It is an intercept 

effect that reflects the basic tendency to name friends at all, and as 

such models the density of the network. Because the objective 

function parameters refer to a logistical scale, empirical densities of 

much less than 50% would be reflected in a negative estimate for the 

out-degree parameter. 

 

 

Reciprocity effect 

 

A basic effect that describes the tendency toward reciprocation of 

choices, referring to mutual ties: i choose j and j chooses i. The 

parameter is zero when the (conditional) probability for reciprocation 

is identical to the (unconditional) probability for any tie to exist. 

Results for our friendship network show significant positive evidence 

for reciprocity in the friendship data, which is no surprise because 

friendship tends to be governed by norms of reciprocation. 

 

 

 

Transitive triplets effect 

 

Represents network closure by the number of transitive triplets. For 

this t the contribution of the i -> j is proportional to the total number 

of transitive triplets that it forms - which can be transitive triplets of 

the same {i->j->h;i->h} as well as {i->h->j;i->j}  

 

 

 

 

 

 

 

 

 

 

 

Transitive ties effect 

 

This effect is similar to the transitive triplets effect, but instead of 

considering for each other actor j how many two-paths i->h->j there 

are, it is only considered whether there is at least one indirect tie. 

Thus, one indirect tie suffices for the network embeddedness. 
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(Ripley et al., 2013) 

Other actor variable effects 

For each of the actor-dependent covariates (friendship and dyadic covariates) and the dependent 

behaviour variables (drinking and smoking), a main effect was included in the model.19 

The model also controlled for covariate effects of gender and ethnicity against changes in substance 

use behaviour. A behaviour sub-model controlled for linear and quadratic shape effects (which both 

capture the overall distribution over time). Because substance use similarities among friends have 

been found to differ by gender and ethnicity in New Zealand (ASH New Zealand, 2011; Clark et al., 

2013; Edwards et al., 2009; Glover et al., 2011), interactions with either gender or ethnicity and 

selection (based on substance use behaviour and influence effects) were included based on theoretic 

importance. 

Table 7: Covariate effects for network dynamics 

Effect Name and Configuration 

(Evaluation function effects) 

Description 

Dyadic covariate (main effect) A main effect for the dyadic covariate - counts the dyadic ties where 

both nodes share a common attribute or context. 

Dyadic covariate reciprocity An effect measuring the reciprocity among nodes in the dyadic 

covariate context. 

Covariate similarity function This is the covariate identity effect, which expresses the tendency of 

the actors to be tied to others with exactly the same value on the 

covariate. It is used with variables measured on an interval scale (or an 

                                                           
19 Main effects represent the influence of the variable on changes in the dependent variables. It can also potentially 

moderate the influence effect.  

 

Number of actors at distance two effect 

 

This effect expresses network closure inversely: stronger network 

closure (when the total number of ties is fixed) causes fewer geodesic 

distances equal to 2. When this effect has a negative parameter, actors 

will have preferences for having few others at distance 1. This is one of 

the effects used to express network closure. 

 

 

 

 

 

Three-cycles effect 

 

This effect can be regarded as generalised reciprocity (in an exchange 

interpretation of the network) but also as the opposite of hierarchy (in 

a partial order interpretation of the network). A negative three-cycles 

effect, together with a positive transitive triplets or transitive ties 

effect, may be interpreted as a tendency toward local hierarchy. The 

three-cycles effect also contributes to network closure.  
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ordinal scale where it is meaningful to use the absolute difference 

between numerical values to express dissimilarity); a positive 

parameter implies that actors prefer ties to others with similar values 

on this variable - thus contributing to the network-autocorrelation of 

this variable not by changing the variable but by changing the network. 

 

 

 

Covariate ego 

 

The effect on the actor's activity - a positive parameter suggests the 

tendency that actors with higher values on this covariate increase their 

out-degrees more rapidly.  

Covariate-alter or covariate-related popularity 

 

This is an effect on the actor's popularity to other actors; a positive 

parameter will imply the tendency that the in-degrees of actors with 

higher values on this covariate increase more rapidly. 

Squared covariate-alter or squared covariate-

related popularity 

This effect is the squared variable of an actor's popularity to alters 

(squared covariate-alter). A negative parameter implies a unimodal 

preference function with respect to alters' values on this covariate. The 

main reasoning behind including the main along with squared effects 

here is to control for non-linearities as well as to strengthen the 

analysis for the influence portion of the model (Snijders, et al., 2007). 

 

 (Ripley et al., 2013) 

 

Behaviour evolution effects 

Similarly the hypothesised influence process was tested by the effect of friends’ substance use 

behaviour against the behaviour of the ego making the nominations. Positive estimates of this effect 

would indicate that adolescents’ behaviours change in such a way that they assimilate to their friends' 

substance use or non-use behaviours. There were three effects available for representing this 

influence effect in the SAOM framework. Because there was no strong theoretical reason to select 

one over the other, the three effects were score tested during the model selection phase. Score-testing 
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the results indicated that the total similarity effect would be the best fit. For models with one or more 

dependent behaviour variables, the most important effects for the behaviour dynamics sub-model are 

explained in Table 8 below. The table contains effects for how the alters of an actor refer to the other 

actors to whom the focal actor has an outgoing tie.  

Table 8: Behaviour sub-model effects 

Effect name and configuration 

(Evaluation Effects) 

Description 

Linear shape effect 

 

This effect expresses the basic drive toward high values for the 

behaviour variable Z. A zero value for the shape effect implies a move 

toward the midpoint of the range of the behaviour variable. 

Quadratic shape effect 

 

This can be interpreted as giving a quadratic preference function for the 

behaviour. This can also be an indication of addictive behaviour.    

Total similarity effect 

 

This effect expresses the preferences of actors to being similar to their 

alters, where the total influence of the alters is proportional to the 

number of alters. 

 

 

 

 

 

 

 

 

 

Main effect For each actor-dependent behaviour variable, the effects on Z can be 

included as a main effect. Here a positive value implies that actors with 

a higher value on the covariate will have a stronger tendency toward 

high Z values. 

 

(Ripley et al., 2013) 
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4.8. Diffusion of innovation analysis 

The spreading or diffusion of behaviour through social networks has been an important topic for 

public health and epidemiology. Early models were unable to address questions regarding actor 

behaviours as well as complex influences putting pressure on actor adoption. Some of the early 

diffusion models were often hindered by their assumptions that social actors were homogeneous. 

Despite early diffusion research assuming static social networks (Dishion, Véronneau, & Myers, 

2010; Greenan, 2012; Rogers, 1995) the assumption was unrealistic especially since diffusion 

processes in social networks often take time to spread during early phases. Over time friendships 

form and dissolve and those who are influential at an initial observation for example may not be 

influential at later observations. The actor homogeneity implications meant that the chances for 

adopting an innovation or the diffusion of an innovation (contagion) were the same for all actors in 

a network.  

Each of the DOI effects used in this thesis are social proximity measures which are the potential 

influence for a given actor to be subjected for a given dyad (Valente 2012). The research uses a 

particular class of hazard model referred to as a proportional hazards model (Liu, Huang, & 

O'Quigley, 2008). Since the network processes and the diffusion of innovation were likely to depend 

on one another the co-evolution of the network and the innovation were modelled together. 

Modelling both processes together allowed for the use of explanatory variables to account for 

potential dependencies between the network and diffusion.  

The diffusion of innovations (DOI) or adoption was measured with a modelling algorithm adapted 

from the basic SAOM framework (Table 4) with minor variations. Both stochastic actor-oriented and 

diffusion of innovation are longitudinal modelling methods able to use the same longitudinal data 

set. In this research diffusion and adoption are roughly analogous and follow a typical hazard model 

framework (the differentiating factor with SAOMs). However, this model was able to use the same 

RSiena software package used with the SAOMs. In addition, the DOI took the same longitudinal 

data set estimated by the stochastic actor-oriented modelling. Since both types of longitudinal model 

types used many of the same components (rate and objective functions for network sub-model (Table 

4), only theoretically important aspects of the modelling method and analysis will be discussed. The 

following section presents an overview of the diffusion model used, the incorporation of the 

hazard/adoption model framework, and rationale for incorporating this model into the thesis. 
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4.8.1 Network Dynamics 

The network dynamics portion of the DOI follows the stochastic actor-oriented model specified 

above (including Method of Moments estimation) along with rate function and conditional choice 

probabilities (objective/evaluation function) (Veenstra, Dijkstra, Steglich, & Van Zalk, 2013). The 

Rate function is also interpreted in the same way as the SAOM. Parameter interpretation is similar 

to parameter interpretation with SAOMs. A positive effect for example suggests that the maximal 

change opportunity function indicates actor preference for changing a tie. This indication in turn 

implies an increase in the number of similar changes.  

Other effects such as transitivity and reciprocity permit the model to account for homophily or 

selection in the same way a SAOM does, as well as actor preference for alters similar in terms of the 

hazard (innovation). Only by controlling for the actor attributes and structural characteristics can 

selection and influence effects be estimated.  

Adoption effects 

There were two main classes of effects used in the diffusion modelling for this research. The first 

effect class was an intrinsic characteristic (actor attribute) that determined if an actor adopted an 

innovation without influence from the adoptions made by other network actors. Gender and ethnicity 

were the effects used. The intrinsic characteristics used fixed network statistics such as the out-degree 

(the data set used in this study was fixed at an out-degree of 10 for all estimations).  

The second class of effect was susceptibility to the hazard. The susceptibility was a reflection of the 

actor’s response when an adoption occurred in the network (Dishion et al., 2010). Susceptibility 

addressed if some actors were more likely to respond to behaviours of other network actors regardless 

of their individual willingness to adopt the hazard (Kendler, Myers, & Prescott, 2005). Generally 

adoptions affected actors who shared ties as a result of the responsiveness effect interacting with the 

total (effect of the susceptibility of an actor to total exposure).  

4.8.2 DOI model specification of effects 

The chosen diffusion model framework resembles the SAOM framework except for the following 

list of the effects (Table 89). There is also a mathematical specification of effects given in Appendix 

S. 
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Table 9: Diffusion model effects 

Effect Name Description 

Susceptibility to average exposure by 

popularity effect on rate of cognition 

The interaction between the popularity and average exposure for an actor. 

Total exposure effect on rate of cognition The number of alters who have adopted the behaviour. If the parameter 

coefficient is positive then actors with ties to adopters increases the chance 

of adopting. 

Susceptibility to average exposure by covariate 

effect (e.g. sex effect) 

The interaction between the covariate value and average exposure for actor 

i. 

(Greenan, 2012) 

 

4.9. Summary of analysis strategy 

The network modelling discussed in this thesis was explicitly concerned with accounting for and 

examining the dependencies between network actors. Isolating network actors is typically a necessity 

of conventional statistical modelling methods. However, the nature of taking a network perspective, 

as this thesis does, requires that network actors be treated as complex interdependent systems (Robins 

et al., 2007; Robins, Snijders, Wang, Handcock, & Pattison, 2007). Examining the contagion effects 

and correlations with substance use behaviours requires actor attribute data (ego data) as well as the 

attribute data of their friends (alter data) (Borgatti, 1998).  

The algorithms selected for each of the three model types were similar in that they sampled network 

graphs at random from a distribution of simulated graphs. The sampled graphs were then compared 

to the observed graph(s) for a given set of parameter effects chosen for their theoretical relevance. 

Final models presented in this thesis were tested for significance and goodness of fit and their 

structural effects along with covariate effects can be thought to theoretically explain the emergent 

substance use properties of the observed networks. This section described the statistical and modelled 

effects of the cross-sectional and longitudinal models. It will now also describe the selected model 

effects used in each model. 

The first model type used in this thesis – exponential random graph models (ERGM) – examined 

with cross-sectional data the associations between the structural characteristics of two networks and 

associated individual actor attributes (including smoking/drinking) (Robins, Snijders, Wang, 

Handcock, & Pattison, 2007). It provided the impetus to explore how multiple social network 

analysis techniques deal with associations between substance use (smoking/drinking) and friendship 

network data sets. They take the perspective that actor attributes drive localised social selection 

processes to generate network structures.  
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Hypothesis testing was carried out on cross-sectional data from the perspective of the local processes 

that lead to the macro level network structure (Wasserman & Robins, 2005). ERGMs also overcame 

the limitation of only having a cross-sectional data set by treating observed data as just one pattern 

or configuration of ties connecting network actors from a distribution of possible alternative patterns 

(Robins, & Stanley, 2007). ERGMs also helped to determine whether network properties (actor 

behaviours or network structures) occurred more often than expected by chance and also if there 

were any correlations between the two.  

Cross-sectional analysis helped delineate the formation of clusters into small cohesive subgroups 

within larger networks. However, cross-sectional methods often lead to further questions about 

which behaviours were not the basis of network tie formation. Longitudinal modelling allowed for 

the examination of dynamic processes which were thought to be foundational for behavioural 

similarities among network actors. The similarities that longitudinal modelling helped to tease out 

could be attributed to processes of influence (when actors adopt behaviours that are similar to those 

of their friends) as well as activities (athletics, social clubs) resulting in friendship selection.  

Longitudinal Analysis 

The second model type used a longitudinal analysis (including two types of modelling techniques) 

of the three data waves collected from the first school group. A stochastic actor-oriented model 

(SAOM) examined the causal processes that drove correlations between friendships and behaviour 

(smoking/drinking) as well as processes of selection and influence (T. A. B. Snijders et al., 2007). 

The SAOM also provided a foundation for a diffusion of innovation (DOI) model which was used to 

estimate the adoption rate of an anti-substance use cognition (negative substance use).  

SAOMs were used in this research to model the co-evolution of the network and substance use 

variables and diffusion processes and to differentiate social selection processes from social influence 

processes. Complex social dependencies were modelled which operated on the assumption of 

independence. The main strength of SAOMs is their ability to probabilistically model unobserved 

changes at a micro-step (small, incremental network and behaviour changes) level, revealing a much 

finer grain of detail than traditional modelling methods (T. A. Snijders & Van Duijn, 2002). SAOMs 

used in this research modelled a multitude of effects collected with sub-models simultaneously while 

controlling for all the competing mechanisms, unlike with structural equation modelling (SEM) 

(Lusher et al., 2013).20 

                                                           
20 Structural equation models (SEM) can model substance use behaviour among adolescent network friends and 
control for substance use similarities among friends, but, unlike with SAOMs, SEMs would be unable to control 
friendship selection as a confounder. 
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Chapter 5. Results 

The overarching aim for this research was to investigate associations between adolescent friendship 

networks and substance use behaviours. Secondary aims were to explore how popularity (receiving 

friendship ties) is associated with substance use behaviours and to potentially highlight associated 

social processes. Cross-sectional and longitudinal social network data were collected and modelled 

using agent-based models (Chapter 4). It was important that model effects and combinations of 

effects for each of the models presented in this thesis be viewed in the context of the current state of 

the network as well as the sum of effects in the model (effects were not modelled in a vacuum). 

Model algorithms essentially chose a random actor in the network, t then determined the probabilities 

for actors to make particular changes (or no change) to their social ties (or behaviour) in order to 

optimise their network position.  

Estimates for the model parameters presented in this chapter were approximately normally 

distributed and tested for significance using a t-ratio (parameter estimate divided by the standard 

error).  Additionally, estimates for longitudinal models can be interpreted as conditional odds ratios 

(ORs) and reflect the likelihood of actors to change friendship structures or substance use behaviours, 

choosing between two possible outcomes (Veenstra et al., 2013). 

This chapter will present results from the cross-sectional and longitudinal models discussed in 

Chapter 4. Preliminary analysis of the data includes the basic network descriptives such as degree 

measures for school groups and also ethnicity, gender and substance use cognition scores. Smoking 

and drinking frequencies are also presented along with substance use by ethnicity. There are also 

network visualisations showing the social network graphs for smoking and drinking. Relevant model 

results of the hypothesis testing are presented under their corresponding hypothesis heading. A 

summary table of findings corresponding to each question is also provided along with a more detailed 

explanation of results. A guide for parameter estimate interpretation is provided in Chapter 4 and a 

mathematical depiction of the modelled parameters is also given in Appendix F and Appendix M 

with corresponding goodness of fit diagnostics given in Appendix H and Appendix T. 

 

5.1. Preliminary descriptive analysis 

Participants 

A total of 134 students at two independent co-ed high schools in Auckland City were recruited to 

take part in this research. The largest school group of 82 students was evenly divided between Maori, 
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Pasifika and European/Other ethnic groups and was predominantly female. The ethnic make-up of 

the other school group was exclusively Pasifika (Niuean, Tongan, Cook Islands, and Samoan) and 

more evenly divided between males and females. Within the classes complete network data or census 

sampling (above 80% participation) was carried out with classroom web-based surveys. Participation 

rates among both cohorts – Network 1 (92.3%) and Network 2 (97%) for the cross-sectional analysis 

was above the 80% threshold. For the longitudinal portion participation rates for Network 2 were 

84.3% averaged across the three waves, above the 80% threshold commonly used for social network 

data analysis for all observations. 

5.1.1 Cross-sectional data descriptive and graph analysis 

This section provides the descriptive analysis findings of the cross-sectional and longitudinal data 

sets. Table 10 below provides a substance use and gender description of the census network sampling 

for the cross-sectional data set (containing two networks). Table 11 provides a more detailed ethnicity 

breakdown of the cross-sectional data set along with substance use by ethnicity. There are large 

differences between the two social networks in terms of gender and ethnicity proportions which 

makes generalisations (discussed further in Chapter 6) difficult. However, smoking and drinking 

behaviour occurred similarly for each network, with more drinking than smoking occurring. 

However, Network 1 was made up of Pasifika students and Network 2 was made up of Pasifika, 

Maori and European students. In the larger network (Network 2) Maori reported smoking and 

drinking more than their Pasifika and European peers. Drinking was more acceptable than smoking 

for both networks although the majority of actors reported that neither behaviour was acceptable.  

Table 10: Participant descriptives for cross-sectional dataset 

Actor attributes Network 1 Network 2 

Overall N 52 82 

Female (%) 42 79.8 

% Smoking  19.23 7.32 

% Drinking 23.08 14.63 

Mean (SD) Smoking between 2-
10 times/week 1.17(.61) 1.27(.63) 

Mean (SD) Drinking 2-5 
times/week 1.32(.81) 1.42(.89) 

% perceived smoking as OK 5.78 4.89 

% perceived alcohol as OK 11.54 15.85 
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Table 11: Participant ethnicity descriptives for cross-sectional dataset 

Ethnicity Network 1 Network 2 

% Niuean 9.62   

% Tongan 15.38   

% Cook Islands 25   

% Samoan 50   

% Maori   29.4 

% Pacific (all groups)   35.3 

% European/Other   35.3 

% Niuean Smoking 20   

% Tongan Smoking 0   

% Cook Islands Smoking 20   

% Samoan Smoking 60   

% Maori Smoking   15.0 

% Pacific (all groups) Smoking   4.2 

% European Smoking   7.4 

% Niuean Drinking 9.09   

% Tongan Drinking 19.3   

% Cook Islands Drinking 27.3   

% Samoan Drinking 45.5   

% Maori Drinking   35 

% Pacific (all groups) Drinking   4.2 

% European Drinking   18.5 
 

 

 

 
Table 12: Network descriptives for cross-sectional dataset 

Network Descriptives Network 1 Network 2 

Overall N 52 82 

Out-degree mean (SD) 4.94(2.83) 4.69(3.40) 

Out-degree Min, Max 0,10 0,10 

In-degree mean (SD) 4.94(4.34) 4.69(2.41) 

In-degree Min, Max 0,17 0,12 
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In Table 12 out-degree mean represents the average number of friendship nominations (capped at 10 

alters) that a given actor made and the in-degree mean represents the average number of friendship 

nominations a given actor received (no cap). Both networks had similar friendship nominating and 

receiving averages. Figure 4 and Figure 5 below show social network graphs constructed from the 

cross-sectional friendship data set. The nodes or vertices represent the network actors and the arrows 

indicate friendship and direction. Network 1 appears to have three subgroups and smokers land more 

in the periphery of those groups. Drinkers are more centrally located within each of the subgroups. 

Network 2 appears to have one large group and smaller fragments. Smokers and drinkers both appear 

to be more central than peripheral to the network.  

 
 
Figure 4: Network graph of smoking and drinking in Network 1 
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Figure 5: Network graph of smoking and drinking in Network 2 

 Smoking Drinking 

N
et

w
o
rk

 1
 

  

 

On the whole there was some variation between the two school groups and also between each of the 

models. What these school variations were caused by cannot be investigated here in a statistically 
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meaningful way because the number of schools was too small. It should be noted that for significant 

effects there were few quantitative (+/- sign) differences between the two schools. The final smoking 

model parameter estimates and standard errors for the structural effects in each of the two friendship 

networks are presented in Table 13,Table 14 and Table 15. Both behaviours were modelled on a 4 

point scale ranging from “0” to “more than 30” for cigarette smoking (the upper value was never 

observed) and on a 4 point scale ranging from “0” to “more than 5” for alcoholic drinks. The 

distribution for both behaviours was skewed, with most participants reporting neither substance use 

behaviour. 

5.1.2 Longitudinal data descriptives and graph visualisation 

The longitudinal data consisted of two follow-up observations for Network 2 (Table 13 and Table 

14). Table 15 shows how the network data was able to account for joiners and leavers (discussed in 

Chapter 4) across three observations during the 2013 academic year. Smoking decreased over the 

year and drinking remained stable from the first to last observation. There was an increase for 

smoking and drinking at the second observation. It might be explained by academic stresses and 

obligations associated with starting school at the beginning of the year and final examinations with 

fewer in the middle. The second observation took place before the mid-year holiday which also 

coincided with the school ball season. The anti-substance use cognition increased over the year. 

Among substance users smoking and drinking largely decreased but drinking increased significantly 

among Maori.  
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Table 13: Longitudinal dataset descriptives 

Overall N 85     

Overall Female %  68 (80%)     

  Wave 1 Wave 2  Wave 3 

N (with joiners/leavers) N=83 N=80 N=81 

% Female 79.8 79.0 79.3 

% Smoking  8.5 11.8 4.5 

% Drinking 18.3 29.0 19.1 

Smoking M(SD)  1.2 (0.6) 1.2 (0.6) 1.1 (0.5) 

Drinking M(SD) 1.3 (0.8) 1.5 (0.9) 1.3 (0.8) 

% Negative Substance 82.4 83.1 83.3 

 

 

Table 14: Longitudinal dataset ethnicity descriptives 

Ethnicity Wave 1 Wave 2 Wave 3 

% Maori 30.1 31.3 30.9 

% PI 33.8 31.2 32.1 

% Euro/Other 36.1 37.5 37.0 

% Maori Smoking 15.0 10.0 10.0 

% PI Smoking 4.2 7.7 0.0 

% Euro Smoking 7.4 8.0 4.2 

% Maori Drinking 35 55.6 40 

% PI Drinking 4.2 14.8 8.3 

% Euro Drinking 18.5 25 12.5 

 

The average degree remained fairly constant across observations and also that more than half of ties 

were reciprocated (Table 15). There was also a consistent rate of friendship changes between periods. 

The Moran’s I and Geary’s C indicate the presence of network autocorrelation for smoking and the 

anti-substance use cognitions visible in the network graph in Figure 6. Drinking scores were variable 

suggesting some autocorrelation for drinking but that the effect was not particularly strong. The 
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Jaccard index measures validated that the network data did not change too drastically between 

observations and was suitable for agent-based modelling. 

 

Table 15: Longitudinal network dataset descriptives 

       

 Wave 1 Wave 2  Wave 3 

Network Density 0.06 0.07 0.07 

Average Degree 5.31 5.6 5.44 

Number of ties 398 392 370 

Missing fraction 0.11 0.17 0.19 

Reciprocity Index 0.55 0.68 0.63 

Network autocorrelation Smoking a .07(.97) .12(.73) .02(.56) 

Network autocorrelation NegSubs a .01(.86) .12(.79) .13(.72) 

Network autocorrelation Drinking a 0.07(1.22) 0.02(1.08) 0.01(1.29) 

    

 Period 1 Period 2   

M new friendship ties 1.4 1.12  

M stable friendship ties 2.66 2.87  

M frindship ties dissolved 1.15 1.09  

Composition Change (joined,left) 0,4 2,0  

Jaccard index b 0.51 0.57   

a) Network autocorrelation coefficients: Moran's I (Geary's C in parentheses). Moran's I 

ranges from -1 to 1, with values greater than 0 indicating positive autocorrelation 

(meaning that friends are very similar with respect to smoking), and values <0 indicating 

negative autocorrelation. Geary's C ranges between 0 and 2, with a value <1 indicating 

positive autocorrelation. 

    

b) Jaccard index = measures the amount of change or stability between consecutive 

waves (not a measure of time between waves), and is used to express quantitatively 

whether the data collection points are not too far apart. Values greater than 0.3 are 

desired to meet assumptions that the network change process is gradual. 

                                (Snijders et al. 2010) 
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Figure 6: Longitudinal network graphs showing smoking and drinking 
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Regarding the ethnic covariate changes, the three main groups, Maori, Pasifika and European/Other 

ethnicity, were roughly even at a third for each of the groups across the three observation periods. 

Smoking and drinking behaviours both peaked in the second observation wave and by the final 

observation had decreased slightly from the first wave for smoking and increased from the first wave 

for drinking, shown graphically in Figure 6. The gender gap also remained constant across the 

observations at close to 80% female. The average number of friends generally decreased between 

subsequent observations along with smoking behaviour. Drinking behaviour increased slightly 

during the same period, also shown in Figure 6. The network autocorrelations for drinking and 

smoking also saw slight decreases over subsequent observations. 

Actors were consistent in nominating between five and six friends and slightly more of those who 

were nominated were on average also reciprocated by the nominated alters. Despite the number of 

friendship nominations across the observations being stable the actual friendships for an actor 

changed between two and three times. A similar number of friendships were dissolved and 

established from one wave to the next observation wave. The change in network composition for 

each of the analysis periods is also provided for students who joined the network after the first 

observation and those who left the network before the last observation.   

The similarity (network autocorrelation) for various behaviour attributes included smoking, negative 

substance use perception, and drinking. The Moran’s I and Geary’s C coefficients for each of the 

network autocorrelation parameters measured the spatial correlation of behavioural attribute 

similarities between tied pairs of actors in the adjacency matrix. The coefficients indicated that a 

friend’s behaviour was more alike for smoking and drinking at the beginning and less alike by the 

final observation. There was a weaker indication of similarity by the final observation wave. 

 

5.2. (H1) Social network structures exhibit patterns associated with actor 

attributes including substance use behaviours  

The hypothesis was supported. 

While only the significant estimates are discussed in this section it is important to keep in mind that 

each estimate should be thought of in context of the overall model. Each parameter statistic represents 

a conditional log-odds and the edges parameter can also be thought of as the intercept. So, 

probabilities can be calculated by taking the exponentiated sum of the intercept and parameter 

statistics of interest divided by the quantity 1 plus the same exponentiated sum (Ripley et al., 2013). 
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Each of the questions below were constructed to help test the hypothesis H(1).
21 Key findings from 

each model type and the model estimation output 22 are presented along with a detailed description 

of the results. An exponential random graph model was used to test this hypothesis and results for 

one of the networks were validated with the stochastic actor-oriented model. 

5.2.1 Do smokers/drinkers autocorrelate more than would be expected? 

Key findings from the exponential random graph model 

 Network 1 Network 2 

Tobacco  Smokers did not have a strong 

tendency  to be friends with other 

smokers  

 There was not a tendency for 

centrality among popular actors with 

the smoking attribute 

 Actors who did not have a positive 

perception of cigarette smoking 

tended to be friends with each other 

more than those with positive 

perceptions 

 There were only minor differences between 

the smoking scores of dyads (tendency 

toward homophily)  

Alcohol 
 

 drinkers tended to nominate other actors who shared the same score for the alcohol 

variable more often than would be expected by chance  

 tendency for asymmetric friendships 

where actors shared a common 

drinking frequency 

 significant tendency for drinkers to be 

friends with other drinkers 

 Heterophily regarding alcohol consumption 

 

Cognition 
 

 friends had a tendency to be similar on the substance use perception that smoking and 

drinking are ok  

  Those who think smoking cigarettes is OK 
tend to be friends with one another 

 

 

 

 

 

                                                           
21 H(1): Social network structures exhibit patterns associated with actor attributes including substance use behaviours 
22 To find the log-odds of any tie between smokers occurring in Network 2, for instance, take the log-odds for a 
smoker using the main effect: (-0.83+(-3.65))= -4.48. The probability of any tie between smokers occurring can be 
calculated by: exp (-4.48)/(1+ exp (-4.48)) = 0.011 reflecting a very low probability for an additional tie between 
smokers.  
 



 

91 
 

Key findings from the stochastic actor-oriented models (Network 2) 

Smoking  There was an overall aversion to smoking but among smokers there was 

a preference to be friends with other actors who smoke 

 There was no significant effect for a preference to make friends with 

similar alters which may indicate that either smokers or non-smokers 

prefer friendships with smoking alters. However, there was a moderate 

preference for similar alters among those who smoke the most 

 Those who do not smoke or who smoke very little tend to have 

preferences for friendships with alters who similarly do not smoke or 

smoke very little 

 Those who smoke the most tend also to have friendship preferences for 

those who also smoke at similarly high levels 

 The net resulting preference for similar others is strongest for actors in 

the middle range for smoking frequency and lowest for actors in the 

lowest and highest ranges for smoking generally 

Drinking  Drinking parameters were not significant in the structural portion of the 

model – indicating very weak homophily with regard to drinking 

behaviour 

 There does not appear to be a significant preference for similar alters 

among drinkers although there is a weak preference for alters who drink 

the least 

 Those who drank the most did not show a preference for others who 

drank often 

 
 
 

In Table 16 below the homophily smoking effect 23 was negative for Network 2 indicating there were 

minor differences between scores (homophily). The substance perception/cognition effects for 

drinking and smoking were both negative and significant for Network 1 indicating that there was 

heterophily among friends with regard to smoking and drinking cognitions (dichotomous).  

 
 
 
 
 
 

                                                           
23 The smoking variable was not dichotomous but a continuous variable where the higher the reported score, the 
more often an actor smoked. 
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Table 16: ERGM smoking/drinking models for behaviour/cognition exogenous effects 

Smoking   Alcohol 

  Network 1 Network 2     Network 1 Network 2 

Behaviour/Cognition effects for actor relations 
(Exogenous)     

Behaviour/Cognition effects for actor relations 
(Exogenous)   

Homophily Smoking 0.20 (0.17) -0.83 (0.23)d   Homophily Drinking -1.17 (0.14)d 0.26 (0.10)c 

Receiver  Smoking 0.34 (0.20)a -0.11 (0.32)   Receiver  Drinking 0.06 (0.14) 0.09 (0.15) 

Sender  Smoking 0.03 (0.20) 0.26 (0.29)   Sender  Drinking 0.06 (0.16) 0.15 (0.15) 

Homophily Smoking OK -0.48 (0.23)b 0.21 (0.35)   Homophily Smoking OK -0.76 (0.23)c 0.41 (0.19)b 

Receiver  Smoking OK -0.46 (0.42) -0.07 (0.44)   Receiver  Smoking OK -0.62 (0.40) 0.18 (0.34) 

Sender  Smoking OK 0.13 (0.35) -0.32 (0.39)   Sender  Smoking OK -0.17 (0.33) -0.09 (0.28) 

Homophily Drinking OK -5.28 (0.21)d 0.06 (0.15)   Homophily Drinking OK -6.20 (0.21)d 0.02 (0.14) 

Receiver  Drinking OK -5.99 (0.34)d 0.17 (0.19)   Receiver  Drinking OK -6.84 (0.32)d 0.15 (0.19) 

Sender  Drinking OK -5.83 (0.30)d 0.34 (0.19)a   Sender  Drinking OK -6.80 (0.29)d 0.32 (0.18)a 

Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in thesis models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, one whose behaviour, for 

example, was the same as the ego actor and another without the behaviour  

 

The drinking parameter estimate (continuous) for Network 1 was negative, indicating homophily 

(small differences between values) between actors regarding alcohol consumption and friendship. 

The parameter estimate was positive for Network 2, indicating heterophily among actors with regard 

to alcohol consumption and friendship.  

The perception/cognition parameters had positive estimates indicating homophily or a tendency 

toward social selection (Table 16). The cognition variable for cigarettes was negative for Network 1, 

indicating that actors who did not have a positive perception of cigarette smoking tended to be friends 

with each other more than those with positive perceptions; and for Network 2 there was a positive 

parameter estimate, indicating those who thought smoking cigarettes was OK tended to be friends 

with one another. 
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5.2.2 Do smokers/drinkers receive fewer ties than would be expected? 

Key findings from the exponential random graph models 

 Network 1 Network 2 

Tobacco  Smokers sent more ties than would be 

expected by chance but did not tend 

to receive nominations more than 

would be expected  

 Smokers and non-smokers nominated 

similar numbers of friends 

 Smokers tended to nominate and be 

nominated by other smokers as did non-

smokers  

 Tendency for asymmetric friendships (a 

unidirectional tie between two actors with 

the same smoking score) with regard to same 

smoking score dyads 

 Among non-smokers there is a tendency to 

nominate friends who are also non-smokers 

and among smokers there is a tendency to 

nominate friends who are smokers 

Alcohol 

 

 Those who have negative perceptions of alcohol consumption tend to make more 

nominations than those who favour alcohol consumption than would be expected by 

chance 

 Those who do not have positive perception of alcohol consumption tend to receive 

more friendship nominations than would be expected by chance. 

  Tendency against having unidirectional ties to 

other drinkers with the same drinking score 

 Those who think drinking is OK tended to 

send more friendship ties 

  Those who have a positive cognition for 

alcohol tend to have a higher activity for 

friendship nominations in the smoking model 

 

The sender effect measured the degree to which actors with a specific attribute sent more ties 

compared to others in the network. There was a positive though small effect for the personal smoking 

effect in Network 1 indicating a propensity for smokers to send more ties than would be expected by 

chance. However, there was a negative effect for the alcohol cognition in Network 1 indicating that 

those who think that drinking is not OK have a tendency to send more ties, and a positive estimate 

for Network 2 indicating that those who think alcohol consumption is OK have a tendency to send 

more ties. The estimates from each group regarding the alcohol cognition contrast with one another. 

Receiver effects measured the degree that actors with a specific attribute had the propensity to receive 

ties. The effect for alcohol perception was negative for Network 1 indicating that those actors without 

favourable views of alcohol consumption tended to receive more friendship nominations. The 

alcohol perception variable was negative for Network 1 indicating that those who had a negative 

perception of alcohol consumption tended to make more nominations than those who favoured 

alcohol consumption and also tended to receive more friendship nomination than would be expected. 
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5.2.3 What role do socio-economic attributes play in friendship formation/behaviour?  

Key findings from the exponential random graph model 

 Network 1 Network 2 

Actor 

attributes 

 Both networks are highly correlated by ethnicity. In addition, gender seems to play a 

role as well with female students being more autocorrelated than male students. 

 Endogenous effects explained the observed network structure 

 Friendship ties tended to be mutual or reciprocated between any given two network 

actors 

 There is not a tendency in Network 1 to have distinctly popular actors unlike with 

Network 2. 

  Having a smoking male guardian and a 

drinking female guardian have an effect on 

friendship formation.   

 

Key findings from the stochastic actor-oriented model 

 The formation of friendships was predicted by gender 

 Pasifika actors were more likely to nominate other Pasifika while Maori actors tended to make the 

most nominations of any other ethnic group 

 Actors regardless of ethnicity tended to prefer Pasifika and there were no significant preferences for 

other ethnic groups 

 Friendships were predicted by female and male parent/caregivers who drank with those actors having 

a reduced attractiveness to potential alters 

 

For Network 1 the Tongan, Cook Island, and Samoan groups each had positive parameter estimates 

for the ethnicity parameters (dichotomous), indicating homophily for each of those groups. The 

effects for Cook Island and Samoan ethnicities for Network 1 were both significant and negative, 

indicating that both were less likely to make nominations than the Tongan or Niuean groups. For 

Network 2 the European and Maori groups had positive parameter estimates, indicating homophily 

for each of those groups. Both networks had positive parameter estimates for gender (dichotomous 

covariate), indicating homophily among males and among females. Males were more likely in 

Network 1 to receive friendship nominations suggested by a negative parameter estimate. 

In Network 2 Maori and Pasifika actors were very likely to receive friendship nominations and tended 

to be popular members of their network. Interestingly there was a positive estimate (dichotomous) 

for fathers/male caregivers who smoked among actors in Network 1 indicating homophily among 

those actors. In Network 2 the Pasifika effect was positive indicating that Pasifika actors tended to 

make more friendship nominations than other groups. The Pasifika and Maori effects in Network 2 
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were both positive significant, indicating that both groups received more friendship nominations than 

the European group given the context of effects in the model. 

In Network 1 there were positive estimates for the Tongan, Cook Islands, and Samoan ethnic groups, 

indicating homophily between those groups. There were also positive effects for the European and 

Maori ethnicities in Network 2 indicating homophily between those groups. The Tongan and Cook 

Islands effects in Network 1 were both negative and significant, indicating that actors from either of 

those groups made fewer nominations than actors from other groups. There was a negative estimate 

for the Samoan effect in Network 1, indicating that Samoans received the least friendship 

nominations or also that not being Samoan increased the chance of a friendship nomination.  

The gender parameter estimates for both networks were positive indicating that there was homophily 

between both groups with respect to gender corrected for the drinking effects in the model. The effect 

for female drinking in the longitudinal data set for Network 2 was positive indicating that there was 

homophily among actors who had mothers or female caregivers with the drinking attribute. The effect 

for male drinking in Network 2 was negative, indicating that actors with male caregivers and fathers 

who drank alcohol did not tend to make as many nominations as actors who did not have this 

covariate. 

5.2.4 What are the endogenous characteristics of the social network? 

Key findings from the exponential random graph model 

 Network 1 Network 2 

Structural 
features 

 

 Endogenous effects explained the structure of the observed networks 

 There was a tendency for a friend of a friend to also be a friend which is a typical characteristic 

of adolescent friendships 

 Tendency for clustering within the networks 

 The networks appear not to have a large spread of in-degree scores (very popular and 

unpopular students) 

 Did not reflect a large spread in outgoing friendship nominations unless they formed as a 

result of a transitive clique-like structure - those who are popular are popular in cliques of 

friendships but not across the network 
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Key findings from the stochastic actor-oriented model (Network 1) 

 Actors did not appear to choose friends arbitrarily; they tended to nominate friends 

who had also nominated them, indicating a normal level of reciprocity 

 

Purely Structural effects 

Most of the endogenous effects (Table 17) were found to explain the observed network structures, 

and therefore need to be accounted for when testing any hypotheses. Across both friendship networks 

for the smoking model there were significant reciprocity effects (mutual effect), suggesting that 

friendship ties tended to be reciprocated between dyads (Table 18).  

The mutual smoking effect (only mutual or reciprocal pairs of actors that match on the smoking 

variable were counted) was negative for Network 1, indicating that among actors with the same 

smoking variable score there was not a tendency for reciprocity (smoking is a continuous variable). 

The effect was positive for Network 2, indicating that for actors with the same smoking variable 

score there was a tendency for reciprocity. The asymmetric smoking effect is positive and for 

Network 2 only, which suggests that there was a tendency for asymmetric friendships where actors 

shared the same smoking score. There was also at least a tendency for a unidirectional tie between 

the two actors.  

Table 17: ERGM smoking/drinking model estimates for purely structural effects 

Smoking   Alcohol 

  Network 1 Network 2     Network 1 Network 2 

Purely self-organising 
structural effects 
(Endogenous) Est(SE) Est(SE)   

Purely self-organising 
structural effects 
(Endogenous) Est(SE) Est(SE) 

Edges 3.34 (0.33)d -3.65 (0.29)d   Edges 4.79 (0.30)d -3.63 (0.29)d 

Mutual 2.27 (0.46)d 2.09 (0.36)d   Mutual 1.26 (0.43)c 2.13 (0.33)d 

Cyclic closure -0.33 (0.14)b -0.16 (0.08)b   Cyclic closure -0.32 (0.14)b -0.18 (0.08)b 

Popularity 0.88 (0.70) 1.06 (0.59)a   Popularity 0.71 (0.68) 1.00 (0.58)a 

Activity spread -0.89 (0.52)a -1.49 (0.37)d   Activity spread -0.82 (0.53) -1.42 (0.37)d 

Triangulation 1.24 (0.15)d 1.41 (0.11)d   Triangulation 1.22 (0.15)d 1.42 (0.12)d 

Multiple connectivity -0.25 (0.03)d -0.26 (0.02)d   Multiple Connectivity -0.25 (0.03)d -0.26 (0.02)d 

Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, one whose behaviour, for 

example, was the same as the ego actor and another without the behaviour  

The mutual drink effect was positive for Network 1, indicating a tendency for reciprocity among 

actors who shared a common score for the drinking variable and there was a negative estimate for 

Network 2, indicating a tendency not to reciprocate ties among actors sharing the same score for 

alcohol variable. The asymmetric drink effect was positive for Network 1, indicating that there was 
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a tendency for asymmetric friendships where actors shared the same drinking score; there was at 

least a tendency for a unidirectional tie between the two actors. 

The cyclic closure effect (cyclic-triplets effect) for both networks was negative, indicating tendencies 

against cyclic triads or a tendency against generalised exchanged/generalised reciprocity (non-

hierarchical network closure). The popularity spread effect (popularity or geometrically weighted in-

degree effect measures the  tendency for in-degree centralisation) was positive for Network 2, 

indicating that for Network 2 the network was centralised on in-degree and that most actors have 

varying levels of popularity as opposed to a similar level of popularity (there are distinctively popular 

actors). The activity spread effect (activity spread or geometrically weighted out-degree effect 

measures the tendency for out-degree centralisation) for both network groups was negative, 

indicating that most actors have similar levels of activity (the network was not centralised on out-

degrees but actors tended to be rather uniform in the number of choices of communication partners).  

The triangulation effect (triangulation or geometrically weighted edge-wise shared partners effect) 

for both network groups was positive, indicating that there was a high degree of network closure, or 

multiple clusters of triangles in the data. The multiple connectivity effect (multiple connectivity or 

geometrically weighted dyad-wise shared partners effect relates to the 2-paths in the network) was 

negative for both network groups and together with the positive triangulation effect indicated that 2-

paths tended to be closed (triangles are formed).  
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Table 18: ERGM smoking/drinking models for actor covariate exogenous effects 
Model 1: Smoking 

  

Model 2: Alcohol 

Covariate effects for actor 
relations (Exogenous) Network 1 Network 2   

Covariate effects for actor 
relations (Exogenous) Network 1 Network 2 

Ethnicity Effects       Ethnicity Effects     

Homophily Niuean -0.29 (0.76)     Homophily Niuean -0.39 (0.74)   

Homophily Tongan 0.59 (0.31)a     Homophily Tongan 0.64 (0.30)b   

Homophily Cook Islands 0.61 (0.23)c     Homophily Cook Islands 0.57 (0.24)b   

Homophily Samoan 0.62 (0.18)d     Homophily Samoan 0.62 (0.18)d   

Receiver  Tongan 0.10 (0.25)     Receiver  Tongan -0.10 (0.24)   

Receiver  Cook Islands -0.11 (0.24)     Receiver  Cook Islands -0.30 (0.22)   

Receiver  Samoan -0.26 (0.23)     Receiver  Samoan -0.36 (0.22)a   

Sender  Tongan -0.13 (0.26)     Sender  Tongan -0.12 (0.26)   

Sender  Cook Islands -0.42 (0.23)a     Sender  Cook Islands -0.41 (0.23)a   

Sender  Samoan -0.48 (0.22)b     Sender  Samoan -0.49 (0.22)b   

Homophily European/Other 0.41 (0.13)c   Homophily European/Other 0.42 (0.13)d 

Homophily Pasifika   0.18 (0.15)   Homophily Pasifika 0.10 (0.13) 

Homophily Maori   0.26 (0.15)a   Homophily Maori   0.28 (0.15)a 

Receiver  Pasifika 0.29 (0.16)a   Receiver  Pasifika 0.32 (0.16)b 

Receiver  Maori   0.27 (0.15)a   Receiver  Maori   0.28 (0.15)a 

Sender  Pasifika 0.17 (0.16)   Sender  Pasifika 0.26 (0.15)a 

Sender  Maori   0.07 (0.16)   Sender  Maori   0.04 (0.14) 

Gender Effects       Gender Effects     

Homophily Gender 0.49 (0.09)d 0.8 (0.07)d   Homophily Gender 0.50 (0.09)d 0.30 (0.07)d 

receiver  Gender -0.25 (0.12)b -0.01 (0.12)   receiver  Gender -0.20 (0.13) -0.01 (0.13) 

sender  Gender 0.09 (0.13) -0.06 (0.11)   sender  Gender 0.04 (0.13) -0.06 (0.12) 

Family Smoking Effects       Family Drinking Effects     

Homophily Male Smoking -0.14 (0.15) 0.18 (0.08)b   Homophily Male Drinking -0.09 (0.14) 0.07 (0.10) 

Receiver  Male Smoking -0.22 (0.14) -0.03 (0.10)   Receiver  Male Drinking 0.07 (0.12) -0.17 (0.11) 

Sender  Male Smoking 0.07 (0.15) 0.02 (0.10)   Sender  Male Drinking 0.12 (0.13) -0.20 (0.10)a 

Homophily Female Smoking -0.10 (0.20) -0.02 (0.13)   Homophily Female Drinking 0.07 (0.15) 0.13 (0.07)a 

Receiver  Female Smoking 0.16 (0.20) 0.03 (0.15)   Receiver  Female Drinking 0.21 (0.15) -0.06 (0.11) 

Sender  Female Smoking -0.11 (0.20) -0.09 (0.14)   Sender  Female Drinking 0.03 (0.17) 0.16 (0.10) 

Homophily Sibling Smoking -0.11 (0.17) 0.10 (0.29)   Homophily Sibling Drinking -0.13 (0.17) -0.20 (0.14) 

Receiver  Sibling Smoking 0.08 (0.15) -0.16 (0.35)   Receiver  Sibling Drinking -0.01 (0.15) -0.10 (0.14) 

Sender  Sibling Smoking 0.00 (0.15) 0.16 (0.30)   Sender  Sibling Drinking 0.01 (0.15) 0.04 (0.13) 

Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, one whose behaviour, for 

example, was the same as the ego actor and another without the behaviour  

 
 

5.3. (H2): Over time smokers influence their friends to smoke and drinkers 

influence their friends to drink  

The hypothesis was rejected for smokers and supported for drinkers. 
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The initial estimation attempt revealed a collinearity problem 24 with the data so that a dependent 

behaviour term had to be removed in order to get a converged model with reasonable standard errors. 

25 The final models removed the drinking behaviour similarity effect as a control variable for the 

smoking variable (from the smoking behaviour sub-model) since determining the drivers behind 

smoking behaviour was an important goal of the research. Leaving the term out of the model 

estimation avoided model degeneracy caused by the collinearity of the two dependent behaviour 

parameters. Due to the collinearity issue smoking and drinking behaviours were modelled separately 

from that point onward. 

The question below was constructed to help test the hypothesis H(2).
26 Key findings from each model 

type and model estimation output are presented along with a detailed description of the results. 

5.3.1 Do smokers and drinkers autocorrelate from social selection or social influence? 

Key findings from the stochastic actor-oriented model (Network 1) 

Smoking  There is significant selection occurring among similar others with 

regard to smoking behaviour. The quantity of smoking also seems to 

play a part in the selection process. The smoking-based selection 

seems to be occurring among those who smoke the most and also 

among those who smoke the least. 

 There is no significant parameter effect that indicates smoking-based 

influence processes are occurring. 

Drinking  There were no significant parameter estimates that indicated 

selection influences for drinking. 

 There was an influence effect from male drinkers who over time 

increased their drinking or took up drinking based on friendships 

with other drinkers. 

 

                                                           
24 The collinearity stemmed from the combination of the substance use variables since most of the smokers were also 
drinkers. 
25 By taking the ratio of the parameter estimate to its standard error estimate and comparing it with a standard 
normal distribution, the estimate could be rejected when it was comparatively approximately normally distributed, 
and also that the standard error of the estimate was a reasonable approximation of the variance of the estimator. 
26 H(2): Over time smokers influence their friends to smoke and drinkers similarly influence their friends to start 
drinking. 
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The effect of smoking on friendship choice was tested (Table 19). Actors demonstrating a preference 

to be friends with other actors who smoke had a positive effect (‘smoking alter’). Smoking made a 

potential friend more attractive to given alters. However, the effect for a preference to make friends 

with similar alters was insignificant, suggesting that either smokers or non-smokers preferred 

friendships with smoking alters. The effect ‘smoking squared alter’ included to control for 

nonlinearities among continuous variables was also significant. The effect also suggested that while 

smoking makes potential friends more attractive, high frequency smokers may be less attractive than 

lower frequency smokers. 

The formation of friendships was also predicted by gender covariates such that participants were 

more likely to nominate friends who were of the same gender. In addition, Pasifika were more likely 

to make friendships with each other. There was also a positive effect suggesting that actors regardless 

of ethnicity tended to prefer friendships with Pasifika. There were no significant effects for the other 

ethnicities, however. 
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Friendship dynamics indicative of selection 

Table 19: Network dynamics sub-model for smoking/friendship co-evolution model 

Network Dynamics   Model 1 Basic Smoking Model 

Structural Effects   PE(SE) OR(95%CI) tValue 

Rate (period 1)   6.63 (0.72)     

Rate (period 2)   5.84 (0.65)     
Out-degree 

(density)   -2.51 (0.27)d 0.08 (0.05, 0.14) -9.64 

Reciprocity   2.02 (0.21)d 7.54 (4.99, 11.38) 9.56 

Transitive triplets   0.27 (0.06)d 1.31 (1.16, 1.47) 4.67 

3-cycles   -0.27 (0.12)b 0.76 (0.60, 0.97) -2.45 

Transitive ties   0.78 (0.22)d 2.18 (1.42, 3.36) 3.57 

Distance 2   -0.17 (0.05)c 0.84 (0.76, 0.93) -2.80 

Dyadic covariate   0.52 (0.39) 1.68 (0.78, 3.61) 1.33 
Dyadic covariate 

Reciprocal   -1.73 (0.63)c 0.18 (0.05, 0.61) -2.75 

Covariate Effects         

Sex alter   0.17 (0.16) 1.19 (0.87, 1.62) 0.94 

Sex ego   -0.27 (0.19) 0.76 (0.53, 1.11) -1.35 

Same sex   0.43 (0.14)c 1.54 (1.17, 2.02) 3.14 

Maori alter   0.13 (0.16) 1.14 (0.83, 1.56) 0.53 

Maori ego   0.21 (0.17) 1.23 (0.88, 1.72) 0.83 

Same Maori   -0.15 (0.13) 0.86 (0.67, 1.11) -1.38 

Pasifika alter   0.29 (0.13)b 1.34 (1.04, 1.72) 2.00 

Pasifika ego   0.09 (0.14) 1.09 (0.83, 1.44) 0.57 

Same Pasifika   0.26 (0.11)b 1.30 (1.05, 1.61) 2.50 

Same European   -0.05 (0.13) 0.95 (0.74, 1.23) -0.38 

Behaviour Effects         

Smoking alter   1.47 (0.66)b 4.35 (1.19, 15.86) 2.32 
Smoking squared 

alter   -0.66 (0.30)b 0.52 (0.29, 0.93) -2.23 

Smoking ego   0.34 (0.29) 1.40 (0.80, 2.48) 1.46 

Smoking similarity   1.33 (1.00) 3.78 (0.53, 26.84) 1.54 

Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, for example one whose 

behaviour was the same as the ego actor and another without the behaviour  

 

The structure of the network also predicted the formation of friendships (Table 19). Typical 

properties of networks were confirmed such as an overall low density (‘negative out-degree’ effect) 

and a high degree of reciprocation (positive ‘reciprocity’ effect). Participants were unlikely to select 

friends arbitrarily (negative ‘outgoing friendship ties’ effect), and were also likely to nominate 

friends who had also nominated them as a friend (positive ‘reciprocity’ effect) and who was a friend 

of a friend (positive ‘transitive ties’ effect). In addition the positive ‘transitive triplets’ parameter 

indicated a tendency for friends of friends to become or remain friends and the negative ‘3-cycles’ 
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parameter suggested that there was not a tendency toward generalised exchange (hierarchical 

ordering to the relationships in the network with relatively few three-cycles). The average distance 

between any two actors was usually connected indirectly through at least one intermediary (‘distance 

2’). However, as the parameter was negative there was a tendency toward triadic closure since the 

effect did not suggest the existence of intermediaries. 

Smoking behaviour dynamics indicative of influence 

Table 20: Behaviour dynamics sub-model for smoking/friendship co-evolution model 

Behaviour Dynamics   Model 1 Basic Smoking Model 

Structural Effects   PE(SE) OR(95%CI) tValue 

Rate (period 1)   0.77 (0.52)     

Rate (period 2)   1.37 (0.80)     

Behaviour Effects         

Linear shape   -3.42 (1.92)a 0.03 (0.00, 1.41) -1.77 

Quadratic shape   1.28 (0.70)b   1.98 

Total similarity   0.54 (1.25) 1.72 (0.15, 19.89) 0.40 

Effect from sex   -3.56 (2.53) 0.03 (0.00, 4.05) -1.40 

Effect from Maori   -0.89 (1.44) 0.41 (0.02, 6.91) -0.62 

Effect from Pasifika   0.80 (1.65) 2.23 (0.09, 56.49) 0.46 

Effect from European   0.29 (1.33) 1.34 (0.10, 18.12) 0.25 
Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, for example one whose 

behaviour was the same as the ego actor and another without the behaviour  

 

Peer influence was one of the focal mechanisms hypothesised to be a driver of adolescent smoking 

and substance use (Table 20). In Model 1 it was measured mainly by the ‘total similarity’ effect 

which gave a non-significant parameter estimate.27 

The negative ‘linear shape’ effect indicated that most actors scored below the mean on the scale for 

smoking (smoked little or not at all). In essence the negative effect suggested an overall aversion to 

smoking. The positive ‘quadratic shape’ effect expressed polarisation as a u-shaped curve and the 

positive value indicated that responses tended to occur on the extreme ends of the scale for smoking 

and not as much near the middle. So, smoking appeared to have polarising dynamics independent of 

the peer influence effect. In other words those with a low value for smoking were located near the 

low end and those with a higher value were located at the high end of the u-shaped curve and 

unimodally scattered around the group average. Linear shape and quadratic shape effects can be 

                                                           
27 A positive sign would have meant that whenever a student changed smoking behaviour (over time) they would try 
to make their behaviour more similar to their friends’ behaviours. 
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interpreted together as a curvilinear function that expresses the result of inclinations and constraints 

for possible smoking values independent of peer effects or other explanatory mechanisms.  

Since drinking and smoking behavioural variables were used in multiple effects for each model their 

cumulative effects on the respective overall models can be more easily drawn out in a series of tables 

constructed from the parameter results for each model.  

Score-testing additional effects 

Score tests were carried out for actor attributes such as part-time work, student athlete and school 

club and each were non-significant according to the score tests (Table 21 below). In addition, score 

tests for (female/male) parental smoking on friendship dynamics were also non-significant, 

indicating that parental smoking status did not account for any additional effects on friendship 

choices over and above the effects of personal smoking status and were not included in the final 

model. 

 

Table 21: Score-tests for parental smoking variables for smoking/friendship co-evolution model 

Score Tests for Parental Smoking Model 1 SAOM  

  PE c df p 

Adult Female Smoking alter -0.05 1.23 1 0.27 

Adult Female Smoking squared alter 0.18 1.42 1 0.23 

Adult Female Smoking ego 0.03 0.01 1 0.91 

Adult Female Smoking similarity  0.31 1.4 1 0.24 

Adult Male Smoking alter 0.27 2.08 1 0.15 

Adult Male Smoking squared alter -0.16 1.47 1 0.23 

Adult Male Smoking ego 0.08 0.6 1 0.44 

Adult Male Smoking similarity 0.03 0.19 1 0.66 
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 Drinking friendship dynamics indicative of selection 

Table 22: Network dynamic sub-model estimates for drinking and friendship co-evolution 

Network Dynamics   Model 2 Basic Drinking Model   Model 3 Drinking w/ family effects 

Structural Effects   PE(SE) OR(95%CI) tValue   PE(SE) OR(95%CI) tValue 

Rate (period 1)   6.81 (1.45)       6.66 (0.67)     

Rate (period 2)   5.84 (0.67)       5.74 (0.61)     

Out-degree (density)   -2.74 (0.29)d 0.06 (0.04, 0.11) -9.45   -2.76 (0.26)d 0.06 (0.04, 0.11) -10.62 

Reciprocity   2.03 (0.20)d 7.61 (5.14, 11.27) 10.15   2.04 (0.20)d 7.69 (5.20, 11.38) 10.20 

Transitive triplets   0.28 (0.06)d 1.32 (1.18, 1.49) 4.67   0.28 (0.06)d 1.32 (1.18, 1.49) 4.67 

3-cycles   -0.31 (0.12)c 0.73 (0.58, 0.93) -2.58   -0.29 (0.11)c 0.75 (0.60, 0.93) -2.64 

Transitive ties   0.80 (0.28)c 2.23 (1.29, 3.85) 2.86   0.79 (0.20)d 2.20 (1.49, 3.26) 3.95 

Distance 2   -0.17 (0.05)d 0.84 (0.76, 0.93) -3.40   -0.17 (0.05)d 0.84 (0.76, 0.93) -3.40 

Dyadic covariate   0.58 (0.38) 0.00 (0.85, 3.76) 1.53   0.60 (0.39) 1.82 (0.85, 3.91) 1.54 
Dyadic covariate 

Reciprocal   -1.89 (0.38)d 0.00 (0.07, 0.32) -4.97   -1.91 (0.66)c 0.15 (0.04, 0.54) -2.89 

Covariate Effects                 

Sex alter   0.12 (0.17) 1.13 (0.81, 1.57) 0.71   0.11 (0.16) 1.12 (0.82, 1.53) 0.69 

Sex ego   -0.28 (0.20) 0.76 (0.51, 1.12) -1.40   -0.21 (0.21) 0.81 (0.54, 1.22) -1.00 

Same sex   0.40 (0.14)c 1.49 (1.13, 1.96) 2.86   0.40 (0.14)c 1.49 (1.13, 1.96) 2.86 

Maori alter   0.18 (0.15) 1.20 (0.89, 1.61) 1.20   0.23 (0.16) 1.26 (0.92, 1.72) 1.44 

Maori ego   0.21 (0.18) 1.23 (0.87, 1.76) 1.17   0.33 (0.20)a 1.39 (0.94, 2.06) 1.65 

Same Maori   -0.12 (0.13) 0.89 (0.69, 1.14) -0.92   -0.15 (0.13) 0.86 (0.67, 1.11) -1.15 

Pasifika alter   0.32 (0.13)b 1.38 (1.07, 1.78) 2.46   0.27 (0.14)a 1.31 (1.00, 1.72) 1.93 

Pasifika ego   0.07 (0.14) 1.07 (0.82, 1.41) 0.50   0.02 (0.14) 1.02 (0.78, 1.34) 0.14 

Same Pasifika   0.26 (0.11)b 1.30 (1.05, 1.61) 2.36   0.25 (0.11)b 1.28 (1.03, 1.59) 2.27 

Same European   -0.02 (0.14) 0.98 (0.74, 1.29) -0.14   -0.01 (0.12) 0.99 (0.78, 1.25) -0.08 

Female Drinking alter           -0.31 (0.18)a 0.73 (0.52, 1.04) -1.72 
Female Drinking 

squared alter           0.27 (0.22) 1.31 (0.85, 2.02) 1.23 

Female Drinking ego           -0.20 (0.15) 0.82 (0.61, 1.10) -1.33 
Female Drinking 

similarity           0.29 (0.27) 1.34 (0.79, 2.27) 1.07 

Male Drinking alter           0.13 (0.13) 1.14 (0.88, 1.47) 1.00 
Male Drinking squared 

alter           -0.29 (0.19) 0.75 (0.52, 1.09) -1.53 

Male Drinking ego           -0.06 (0.12) 0.94 (0.74, 1.19) -0.50 
Male Drinking 

similarity           -0.49 (0.24)b 0.61 (0.38, 0.98) -2.04 

Behaviour Effects                 

Drinking alter   -0.34 (0.41) 0.71 (0.32, 1.59) -0.83   -0.43 (0.43) 0.65 (0.28, 1.51) -1.00 

Drinking squared alter   0.10 (0.20) 1.11 (0.75, 1.64) 0.50   0.15 (0.20) 1.16 (0.79, 1.72) 0.75 

Drinking ego   -0.21 (0.20) 0.81 (0.55, 1.20) -1.05   -0.21 (0.20) 0.81 (0.55, 1.20) -1.05 

Drinking similarity   -0.60 (0.70) 0.55 (0.14, 2.16) -0.86   -0.59 (0.68) 0.55 (0.15, 2.10) -0.87 

Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, for example one whose 

behaviour was the same as the ego actor and another without the behaviour  
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The effect of drinking on friendship choice was tested as a function of the social selection process 

(Table 23). There were no significant effects regarding friendship selection based on drinking 

behaviour. 

The formation of friendships was, however, predicted by several covariates. Participants were more 

likely to nominate friends who were of the same gender. In addition, Pasifika were more likely to 

make friendships among each other. There was also a positive effect suggesting that actors in general 

regardless of ethnicity tended to prefer friendships with Pasifika. There were no significant effects 

for the other ethnicity categories. 

The structure of the network also predicted the formation of friendships. Participants were unlikely 

to select friends arbitrarily (negative ‘outgoing friendship ties’ effect), and were also likely to 

nominate friends who had also nominated them as a friend (positive ‘significant reciprocity’ effect) 

and who was a friend of a friend (positive ‘transitive ties’ effect). In addition the positive ‘transitive 

triplets’ effect – there was a tendency for friends of friends to become or remain friends and the 

negative ‘3-cycles’ effects suggested that there was not a tendency toward generalised exchange (a 

hierarchical ordering to the relationships in the network with relatively few three-cycles). The 

average distance between any two nodes connected indirectly through at least one intermediary 

(‘distance 2’) was negative. In other words there was a tendency toward triadic closure since the 

effect did not suggest the existence of intermediaries. 

Drinking behaviour dynamics 

Table 23: Behaviour dynamic sub-model estimates for drinking and friendship co-evolution 

Behaviour Dynamics   Model 2 Basic Drinking Model   Model 3 Drinking w/ family effects 

Structural Effects   PE(SE) OR(95%CI) tValue   PE(SE) OR(95%CI) tValue 

Rate (period 1)   2.09 (1.90)       2.09 (0.95)     

Rate (period 2)   1.29 (0.45)       1.29 (0.43)     

Drinking Effects                 

Linear shape   -3.16 (0.91)d 0.04 (0.01, 0.25) -3.47   -3.16 (0.79)d 0.04 (0.01, 0.20) -4.00 

Quadratic shape   0.66 (0.23)c   2.87   0.66 (0.23)c   2.87 

Total similarity   -0.53 (0.54) 0.59 (0.20, 1.70) -0.98   -0.49 (0.46) 0.61 (0.25, 1.51) -1.07 

Effect from Sex   -1.54 (0.89)a  0.24 (0.04, 1.37) -1.73   -1.36 (0.77)a 0.26 (0.06, 1.16) -1.77 

Effect from Maori   0.39 (0.54) 1.48 (0.51, 4.26) 0.72   0.24 (0.56) 1.27 (0.42, 3.81) 0.43 

Effect from Pasifika   -1.00 (0.83) 0.37 (0.07, 1.87) -1.20   -0.93 (0.78) 0.39 (0.09, 1.82) -1.19 

Effect from European   0.69 (0.62) 1.99 (0.59, 6.72) 1.11   0.64 (0.51) 1.90 (0.70, 5.15) 1.25 

Effect Female Drinking           0.56 (0.59) 1.75 (0.55, 5.56) 0.95 

Effect Male Drinking           -0.28 (0.61) 0.76 (0.23, 2.50) -0.46 

Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, for example one whose 

behaviour was the same as the ego actor and another without the behaviour  
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The negative ‘linear shape’ effect estimate indicated that most actors scored below the mean on the 

scale for drinking (drank little or not at all) (Table 23). In essence the negative estimate suggested an 

overall aversion to drinking. The positive ‘quadratic shape’ which expresses polarisation as a u-

shaped curve and the positive value indicated that the responses tended to occur on the extreme ends 

of the scale for drinking and not as much near the middle. The estimate indicated that drinking had 

polarising dynamics independent of the peer influence effect.  In other words those with a low value 

for drinking were located near the low end and those with a higher value are located at the high end 

of the u-shaped curve and unimodally scattered around the group average. Both effects can be 

interpreted together as a curvilinear function expressing the result of inclinations and constraints for 

the possible values of drinking independent of peer effects or other explanatory mechanisms (Ripley 

et al., 2013). Most importantly the ‘sex’ effect estimate was negative, suggesting that boys were more 

likely to maintain or move to higher scores for drinking behaviour based on their friendships. The 

‘sex’ effect on drinking behaviour estimate also suggested that there were social influence processes 

associated with drinking behaviour. 

This second drinking model (Table 23) contained additional effects for parental drinking influences 

which were included due to their significant score-tests. 28 A similar protocol was used for including 

the other covariate effects. Essentially the structural, covariate and behaviour parameter estimates 

were identical between the drinking models, with few exceptions. The covariate parameter estimate 

for Maori ego estimate was significant. In addition, there were two unexpected results with the 

behavioural parameter estimates for the ‘female drink alter’ and ‘male drink similarity’ estimates 

(significant and discussed in further detail below). 

The negative ‘linear shape’ effect indicated that most actors scored below the mean on the scale for 

drinking (drank little or not at all). In essence the negative effect suggested an overall aversion to 

drinking. The positive estimate for the ‘quadratic shape’ effect expresses polarisation as a u-shaped 

curve and the positive value indicated that the responses tended to occur on the extreme ends of the 

scale for drinking and not as much near the middle. So, the effect suggested that drinking had 

polarising dynamics independent of the peer influence effect.  In other words those with a low value 

for drinking were located near the low end and those with a higher value were located at the high 

end of the u-shaped curve and unimodally scattered around the group average. Both effects could be 

interpreted together as a curvilinear function that expressed the result of inclinations and constraints 

                                                           
28 The criterion for inclusion was that if a single effect for one effect group was significant the group of effects would 
be included as has been done in notable research (RW.ERROR - Unable to find reference:340; RW.ERROR - Unable to 
find reference:341; De La Haye et al., 2011). 
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for the possible values of drinking independent of peer effects or other explanatory mechanisms. 

Most importantly there was a negative estimate for ‘sex’ effect which suggested that boys were more 

likely to maintain or move to higher scores for drinking behaviour based on their friendships.  

 

5.4. (H3): Anti-substance use perceptions diffuse at a significant rate through 

social networks 

The hypothesis was supported. 

Diffusion of innovation/contagion modelling was applicable for this research only with behaviour 

variables that were both dichotomous and non-decreasing. Adoption effects allow the model to 

reduce to a proportional hazard type of model (when the network is reasonably constant) 

(Seetharaman & Chintagunta, 2003).  The rate effects for this study were multiplied by the adoption 

effects (Table 9) which used a variable to reflect an actor’s cognition that substance use was 

perceived as a negative act.  

Each parameter estimate was assessed for significance by approximately testing the null hypothesis 

to determine that it was zero. This was done by taking the ratio of the parameter estimate to its 

standard error estimate and comparing with a standard normal distribution, making a rejection when 

it was comparatively large in absolute value. The significance for each parameter estimate was 

assessed by approximately testing that the null hypothesis was zero. Goodness of fit diagnostics are 

presented in Appendix T. 

Although the perspective for estimating this type of model followed a hazard model approach the 

framework on which the hazard model rested was the stochastic actor-based modelling framework 

(Chapter 4, Appendix N, Appendix K) as well as the RSiena analysis platform. Therefore, due to the 

model design, and estimation procedures and goodness of fit procedures being very similar to that of 

SAOMs, many details will be redundant and omitted for this section. The question below was 

constructed to test hypothesis H(3).
29 Key findings from each model type and the model estimation 

output are presented along with a detailed description of the results. 

                                                           

29 H(3): Anti-substance use perceptions diffuse at a significant rate through social networks 
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5.4.1 What actor attributes or network characteristics affect the diffusion of the negative 

substance use perception? 

Summary of adoption effects (diffusion of innovation model) 

 The anti-substance use cognition appeared to diffuse through the network over the 

three observations and was related to in-degree (popularity) and exposure to alters 

with the cognition 

 The higher the proportion of nominated alters with the cognition, the higher the 

hazard for actors to develop the cognition 

 There was a greater susceptibility to the cognition when exposed by nominated 

male alters 

 Actors tended to have a preference for alters who had anti-substance use cognitions  

 

 

For a given actor, the susceptibility effects can be operationalised as a measure of responsiveness 

multiplied by the total number of adopters in the network. However, it was more reasonable with this 

research to assume that adoptions only affected those from whom the adopter had a tie. A measure 

of the average exposure was used in the model taken as an actor’s in-degree, reasoning that an actor 

with high in-degree may be more susceptible to the adoptions of others due to their wide circle of 

contacts. 

There was a positive estimate for ‘sex similarity’ effect indicating that the female students had a 

predilection for homophily (Table 24). There was a positive estimate for the ‘negative substance use 

alter’ effect, suggesting that actors had a preference for alters with a negative view of substance use. 
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Table 24: Negative substance use diffusion model estimates (structure) 

Network effects PE(SE)   OR(95%CI) t Value 

Network Rate Effects         

   Rate (period 1) 6.93 (0.76)       

Rate (period 2) 5.73 (0.66)       

Network Evaluation Effects         

Out-degree (density) -2.50 (0.26) d 0.08 (0.05, 0.14) -9.78 

Reciprocity 2.44 (0.25) d 11.45 (7.06, 18.58) 9.88 

  Transitive triplets 0.28 (0.06) d 1.32 (1.18, 1.48) 4.83 

 3-cycles -0.34 (0.10) d 0.72 (0.59, 0.87) -3.34 

 Transitive ties 0.89 (0.23) d 2.43 (1.56, 3.78) 3.91 

  Distance 2 -0.14 (0.05) c 0.87 (0.80, 0.96) -2.90 

   Dyadic covariates 0.72 (0.36) b 2.05 (1.00, 4.17) 1.97 

 Dyadic cov x reciprocity -2.02 (0.62) d 0.13 (0.04, 0.45) -3.27 

  Sex similarity 0.36 (0.12) c 1.44 (1.14, 1.82) 3.04 

Cognition alter 0.65 (0.39) a 1.91 (0.90, 4.09) 1.68 

Cognition ego 0.35 (0.40)   1.41 (0.64, 3.10) 0.86 

Cognition similarity -0.26 (0.53)   0.77 (0.27, 2.19) -0.48 
Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, for example one whose 

behaviour was the same as the ego actor and another without the behaviour  

 

Table 25: Negative substance use diffusion model estimates (adoption) 

          

Adotption Effects PE(SE)   OR(95%CI) t Value 

Rate cognition (period 1) 0.15 (0.22)   1.16 (0.76, 1.79) 0.69 

Rate cognition (period 2) 0.11 (0.19)   1.12 (0.78, 1.62) 0.61 

Susceptibility to av. exp. by in-degree effect on rate cognition 0.21 (0.10) b 1.23 (1.02, 1.49) 2.17 

Total exposure effect on rate cognition -0.15 (0.14)   0.86 (0.66, 1.13) -1.05 

Susceptibility to av. exp. by sex effect on -0.86 (0.50) a 0.42 (0.16, 1.12) -1.73 

Susceptibility to av. exp. by smoking effect on rate cognition 0.33 (0.37)   1.39 (0.67, 2.87) 0.88 
Significance levels (based on 2-tailed p values): a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for 

convergence in this models are <0.1  

OR can be interpreted as: if a participant is changing a friendship tie and making a choice between two potential friends, for example one whose 

behaviour was the same as the ego actor and another without the behaviour  

 

In the adoption sub-model (Table 25) there were two significant susceptibility effects. There was a 

positive estimate for the ‘susceptibility to average exposure by in-degree effect on rate of negative 

substance use’ effect, suggesting that the perception of substance use as having a 

negative/undesirable connotation was contagious over the three observations and related to in-degree 

(popularity) or exposure to alters with the negative perception. The higher the proportion of 

nominated alters with the negative perception, the higher their hazard of developing the negative 

perception. In addition, a negative ‘susceptibility to average exposure by sex effect on negative 
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substance use’ effect suggests there was a greater susceptibility to the negative perception when 

exposed to nominated male alters. 

The susceptibility effects convey how responsive an individual actor was when an adoption act 

occurred. They were intended to address the question of whether some actors were more likely to 

react to the behaviour of others irrespective of their inherent propensity to adopt. For ego, the 

susceptibility effects can be operationalised as a measure of responsiveness multiplied by the total 

number of adopters in the network. However, it was more reasonable with this research to assume 

that adoptions only affected those from whom the adopter had a tie. Subsequently, a measure of the 

average exposure was an actor’s in-degree. The rationale was that an actor with high in-degree may 

be more susceptible to the adoptions of others due to their wide circle of contacts.  
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Chapter 6. Discussion 

The principal aim of this thesis was to gain insights into adolescent substance use by employing 

social network modelling to disentangle some of the social drivers. A set of hypotheses was 

constructed from social network theories and New Zealand adolescent substance use research. The 

hypotheses tested the relationship between social network patterns and substance use behaviours, the 

role played by influence processes on substance use behaviour, the magnitude of effect on substance 

use from socio-economic determinants and the rate that anti-substance use perceptions diffuse 

through adolescent social networks.  

Cross-sectional and longitudinal modelling frameworks were trialled to determine how well they 

reflected phenomena observed in two social networks. Friendship ties were mapped and weighted 

by attribute variables to disentangle the complex social drivers of adolescent substance use. Social 

network analysis integration with actor-oriented models (agent-based models) presented in Chapter 

4 was used in this thesis to determine how adolescent smoking and drinking behaviour may be driven 

by selection, influence or an endogenous property of the social network.  

This chapter will begin by summarising key findings and then relate findings to relevant literature. 

A discussion of research strengths/limitations and an overview of the value of social network analysis 

for New Zealand public health will follow. Potential applications to adolescent substance use 

interventions and research will conclude this discussion chapter. 

 

6.1. Summary of Findings 

The findings were generally consistent with the hypotheses and able to clarify network theories that 

had not yet been tested in a New Zealand setting. This study disentangled some of the complex 

drivers of adolescent substance use and confirmed that social selection processes were strongly 

associated with smoking behaviour while social influence processes were associated with drinking 

behaviour. This was consistent with social network theories of the significant role of networks in 

predicting behaviour. There was also an overall tendency in both networks for tight-knit network 

autocorrelation according to gender and ethnicity, which was expected as was autocorrelation among 

smokers and among drinkers. There was significant association between substance use behaviour 

and network tie structure but no significant relationship between parental substance use in either 

social network nor were there significant results by ethnicity and substance use in either of the cross-

sectional or longitudinal data sets.  
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H1: Social network patterns differ according to actor attributes including substance use  

Both smoking and drinking behaviours were predicted by structural factors such as reciprocity and 

transitivity – ‘friends of friends’ had a tendency to become or remain friends. The higher an actor’s 

smoking frequency the less attractive they were to alters. Smokers (between the two networks) 

differed in whether they selected other smokers as friends. There was a tendency for non-smokers to 

nominate other non-smokers, suggesting that smoking status had an impact on social rank within the 

classroom environment. Overall there were mixed results regarding the attractiveness of smokers. 

Students who smoked the most tended to be perceived as unattractive and tended to increase in 

perceived attractiveness as self-reported smoking frequency decreased.  

The structural associations with drinking behaviour were much weaker than smoking behaviour for 

all the models which had a bearing on the selection vs influence hypothesis. Friendship nominations 

tended to be correlated with drinking frequency somewhat but the effects with regard to reciprocity 

and transitivity were much weaker. Actors who indicated having the highest drinking rates tended to 

be somewhat more gregarious than smokers. However, actors with negative perceptions of drinking 

tended to receive more friendship nominations than those with positive perceptions. Drinkers tended 

to nominate others whose drinking frequency was similar and did not tend to send or receive ties 

with non-drinkers. However, popularity was also predicted by female and male parent/caregivers 

who drank which appeared to reduce the attractiveness of potential friends in the network.  

Gender autocorrelation also occurred more often than would be expected by chance. Although there 

was localised hierarchy, gender was not significantly associated with sending or receiving ties 

between male groups or between female groups. This was interesting because gender autocorrelation 

was the most important homophily effect, with female students much more likely than males to be 

friends with other females regardless of correcting for substance use behaviour and ethnicity. 

Structurally there was a high degree of reciprocity especially among friends involved in the same 

extra-curricular activities. However, actors with favourable views of being in school, access to pocket 

money and family member substance use did not have significant effects on friendship. 

H2: Influence processes are the main driver of substance use behaviour 

Substance use behaviours appeared to actually attract network actors from the edges of a network 

distribution towards the mean over time.30 Dependent variables consisted of the friendship network 

itself and behaviour variables (smoking and drinking) that were hypothesised to be influenced by the 

network. After accounting for potential homophily confounders a key finding was that influence 

                                                           
30 Normal network behaviour is simply wherever the mean behaviour happens to be. 
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effects were insignificant with smoking behaviour which was strongly associated with selection 

processes. However, peer influence may act as a vector for diffused drinking behaviour and male 

drinkers tended to be more likely to maintain or increase drinking frequency over time based on their 

sustained friendships with other drinkers.  

Although the observed network was fairly lean on smokers all the models were able to replicate the 

observed network and showed some significant smoking parameter estimates. It was much simpler 

using the cross-sectional model (ERGM) to justify influence processes rather than selection 

processes for smoking behaviour. Selection processes were validated as a driver of smoking 

behaviour using the longitudinal model (SAOM). Friendship selection also appeared to reinforce 

adolescent smoking behaviour. Neither the cross-sectional nor longitudinal models of drinking 

behaviour were able to identify any significant parameter estimate for selection effects. Peer 

influence appeared to reinforce adolescent drinking behaviour. There was a tendency for friends of 

friends to become or remain friends. Interestingly, actors with parent/caregivers who drank had a 

reduced attractiveness to potential alters. 

H3: Anti-substance use perceptions diffuse through adolescent social networks 

For the hypothesis that adolescent friends would have similar negative perceptions of drinking and 

smoking, the findings were mixed. Those who held negative perceptions of drinking tended to be the 

most gregarious (tendency to make and receive friendship nominations) for both networks. However, 

among actors with negative perceptions of smoking there was an overall tendency to be friends. 

Regarding the diffusion model there was a tendency for the anti-substance use cognition to be highly 

autocorrelated and to be contagious over time. Also, there was a tendency to be progressively more 

anti-substance as the number of friends who also had that view increased. When a student was 

exposed to the anti-substance use cognition by a male alter they had a greater chance of also adopting 

the view.  This is important because it suggests that male students were able to be influential to 

susceptible alters and also that interventions which can use more than one influencer may be 

effective. 

 

6.2. Comparison with relevant literature 

The findings from the actor-oriented (agent-based) co-evolution models also add to a growing body 

of research supporting selection processes for smoking behaviour and influence processes for 

drinking. The findings are consistent with recent social network modelling for adolescent substance 

use (Mercken et al., 2012). 
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Smoking 

The hypothesis that smoking behaviour would be driven by social selection processes was partly 

based on a lack of supportive research for influence processes (Villanti, Boulay, & Juon, 2011). It 

was also theoretically plausible that smoking was a basis on which people chose their friends and 

less so a basis for network influence/diffusion or environmental drivers (Lochbuehler, Kleinjan, & 

Engels, 2013; Morgenstern, Sargent, Engels, Florek, & Hanewinkel, 2013). Parental influence was 

also hypothesised to have an effect on this age group for both drinking and smoking (Brady, Morrell, 

Song, & Halpern-Felsher, 2013; Liao, Huang, Huh, Pentz, & Chou, 2013). 

Overall there was an aversion to having friends who smoked in the network which reinforces the 

evidence that smoking has become socially distasteful. This may also contradict research indicating 

the potential influence of tobacco use in films targeted at this age group and younger (Leung, 

Toumbourou, & Hemphill, 2014; Lochbuehler et al., 2013; Villanti et al., 2011). Smokers also tended 

to be much more strongly autocorrelated with other smokers which is also supported by qualitative 

research (Kreager, Haynie, & Hopfer, 2013). Additionally it may also indicate that smoking is 

perceived as a social taboo (Brady et al., 2013; Morgenstern et al., 2013). 

Drinking 

Friendship nominations tended to be correlated with drinking frequency, an outcome corroborated 

by other network research (Cruz, Emery, & Turkheimer, 2012; Leung et al., 2014; Steglich et al., 

2010a). Actors who indicated having high drinking rates tended to be somewhat more gregarious 

than smokers potentially reinforcing social stigma associated with smoking (Brady et al., 2013; Mrug 

& McCay, 2013).  

Selection and influence 

Adolescent substance use was hypothesised according to recent research findings to have an effect 

on network structure driven by social selection processes for smoking and social influence processes 

for drinking which confirmed previous social network research (Leung et al., 2014; Light et al., 2013; 

J. A. Lospinoso & Satchell, 2011; Mercken et al., 2010) 

Findings reflect much of the age-based research where influence and selection take hold at different 

ages (Leung et al., 2014).  Other network research also supports selection mechanisms for adolescent 

smokers in this age group (Mercken et al., 2010). Preferential attachment was mixed between the 

two networks. This finding supports other research and does not support interventions that depend 

on highly popular actors or on high in-degree actors for peer training interventions (Cavalca et al., 

2013; Colby et al., 2012; Cunningham et al., 2012). Influence tends to play a stronger role early on 
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when adolescents are younger (Haas & Schaefer, 2014) but lessens significantly as adolescents 

approach early adulthood.  

Information and behaviours tend to occur in predictable ways through social networks (Aral & 

Walker, 2012).  Social network analysis (SNA) by Aral and Walker also indicates that most people 

trust their friends more than trust an advertising campaign or a health promotion message (2012). 

Findings from the present study indicate that students tended to be influenced more by their friends 

and then only by certain types of friends. This would indicate that our friends may also have an even 

greater influence over us than we realise which has been a premise of social network research for 

decades (Granovetter, 1973).  

 

6.3. Strengths 

Hypothesis testing was the most important strength of this SNA with New Zealand adolescent 

substance use research. Conventional substance use research assumptions about the effects of gender, 

ethnicity and family characteristics can be tested using straightforward methods with few 

ambiguities. The ability to analyse an array of socio-economic elements (with a diverse sample) 

along with the focal behaviours simultaneously while correcting for each is difficult to accomplish 

as easily with other methods. The incorporation of agent-based modelling which can help predict 

unobserved moments in order to parametrise actor attributes and social patterns is unique in New 

Zealand substance use research. Each of the models discussed in this thesis offers flexibility and was 

able to be run with very limited resources. 

To account for alternative mechanisms (including potential drivers of smoking and drinking 

behaviours) it was important to examine the collected data using a statistically rigorous approach. 

The hypothesis testing capability of ERGMs provided a way to test how observed network structure, 

tie configurations, and actor attributes were related to one another. ERGMs provided a necessary 

first step to account for complex structural dependencies and to extend knowledge about how actor 

attributes (including substance use behaviours) and friendship configurations related to one another 

in the observed social networks.  

ERGMs were used to determine if any of the other actor attribute data could explain observed 

substance use and, in addition, to distinguish between co-occurring processes at the individual level 

and network level. Then, follow-up longitudinal data modelled the co-evolution of friendship and 

substance use behaviour to try and tease apart social selection and social influence processes. The 
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longitudinal model was useful for providing a framework to operationalise complex social network 

data and to test social network related hypotheses. The combination of social network data modelled 

with agent-based models appears to be unrivalled for determining how individuals affect social 

structures and also how individuals in specific social positions have similar outcomes. The models 

were ultimately able to break down social network complexities and show the connections between 

actor outcomes and the social systems they were embedded in.  

 

6.4. Limitations 

While research suggests that health behaviours are homophilous it was difficult to measure 

underlying competing social processes using cross-sectional analyses (Robins, 2015). Although it is 

plausible to state that influence processes drive behaviour it is difficult to remove selection processes 

as the most probable explanation (a limitation with ERGMS) for the observed network. ERGMs 

require difficult theoretical assumptions beyond the scope of this thesis to be met in order to claim 

influence processes drive observed network outcomes. ERGMs can only argue the plausibility of 

influence or diffusion. Follow-up data collection to the initial cross-sectional dataset was undertaken 

due to the limitations of ERGMs.31  

The longitudinal model did not extend beyond one school year. According to much of the evidence 

smoking and drinking are often taken up at younger ages and evolve over more than a year in a 

typical adolescent population. Smoking and drinking were also analysed separately and changes to 

behaviour were only examined one at a time. However, in reality, smoking and drinking may be 

symbiotic.  

Generalizability 

The results are also closely tied to two adolescent social networks in Auckland, and the results may 

not be generalizable outside of this population. A trade-off has to be managed between the benefits 

of network analysis and the need for data generalizability. One of the main limitations of this research 

and social network analysis is the lack of generalizability (Robins, 2015). SNA has requirements 

beyond health outcome and determinant data typically collected. Conventional data collection and 

random sampling are designed to improve generalizability. Random sampling would have 

overlooked tie relationships that help account for social drivers (determinants). A random sample of 

                                                           
31 It was only possible to conduct follow-up observations with one of the two networks. 
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individuals would prohibit meaningful analysis of social relationships in relation to substance use as 

seen above (Steglich et al., 2010a).  

Agent-based models 

Given that each of the models attempted to reflect complex substance use behaviours it was also 

difficult (given the level of social network complexity) to draw simple quantitative conclusions. 

Although many environmental confounders were initially tested, factors like risk taking, sensation 

seeking and depression which are also known drivers of substance use were too difficult to account 

for with actor-based models and still retain model parsimony. The models assume only a limited 

number of mechanisms for peer influence, selection and substance use behaviours.  

Agent-based models are useful for modelling complex systems but in order to be accurate they need 

to be parsimonious. There was a trade-off where using too many variables may have caused 

estimation difficulties. Following the protocols used in other agent-based modelling research was a 

potential limitation. Although this method of modelling and the processes used to derive model effect 

parameters followed established research methods it may have precluded consideration of other 

important effects to estimate around ethnicity and parental effects variables. The approach overall 

was limiting, given the point of agent-based models is to discover emerging phenomena that result 

from complex processes.  

Validation is another challenge of agent-based models because it requires either working backwards 

from a standard set of estimation effects or tying empirical observations to conceptual relationship 

types (network structure). Parameter estimates that are formulated from inaccurate conceptual 

relationship attributes are still valid even if they provide outcomes that are only plausible because 

they can predict the observed outcomes. This limitation can only be partially corrected for by basing 

model design on the most current adolescent substance use research. They also tend to oversimplify 

the data sets by symmetrising, imposing 50% thresholds for continuous variables and poorly 

accounting for missingness. In most cases these types of simplifications and assumptions are 

necessary but the effects on parameter estimates are unknown.  

 

6.5. Practice implications 

Care has been taken not to exaggerate what social network analysis can accomplish, or propose that 

the driving mechanisms are similar to communicable diseases. The view that social contagions (ideas 

and behaviours) can spread through populations in the same way as infectious diseases may be 
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unrealistic given the lack of empirical evidence for this with the combined methods described in this 

thesis (Watts, 2007). People can be influenced by or susceptible to other people and the influence 

can move through a population. The main difference is that unlike a contagious disease like Ebola, 

which can be spread by a single individual (patient zero), social epidemics are not driven by the same 

types of contagion mechanisms.  Social network mechanisms can impact health outcomes by 

triggering behaviour change (Fujimoto & Valente, 2012). There may not be some patient zero who 

activates a social contagion that causes a wholesale change in New Zealand adolescent smoking 

behaviour.  

Intervention insights 

Insights from this thesis are able to provide a lens for designing adolescent substance use 

interventions in terms of defining network structures and actor attributes associated with substance 

use (including perceptions). Interventions should ideally focus on social influence processes and 

selection processes which are known to fluctuate over time depending on age (Leung et al., 2014; 

Mercken et al., 2012; Villanti et al., 2011). Older adolescents may be more strongly influenced by 

higher status or popular peers and anti-alcohol norms may be easier to internalise than anti-tobacco 

norms (Teunissen et al., 2012).  

Those who held negative perceptions of substance use tended to be the most gregarious (tendency to 

make and receive friendship nominations). This could be a potential set of characteristics to exploit 

for behaviour change interventions in addition to gender specific anti-substance use interventions 

which focus on peer conformity (Teunissen et al., 2012). It might therefore be more appropriate to 

segment the network and focus interventions on gender groups which were highly autocorrelated and 

calibrate interventions to account for indirect tie influences or small world network influences 

(Kreager et al., 2013). There was an overall aversion to substance use. An intervention might exploit 

this finding by concentrating on making drinking socially unacceptable (Cruz et al., 2012).  

Based on the selection and influence findings in this thesis and alignment with age-based substance 

use research, drinking might be more effectively inhibited by targeting influencers, for example, 

rather than those who are susceptible for example. Alcohol use may be an area where popular 

adolescents should be targeted for interventions that focus on the anti-substance use norms since this 

research indicates they were more widely distributed throughout the network than smokers and may 

also have been susceptible to influence more than smokers on average (Brechwald & Prinstein, 

2011).  Interventions that focus on diffusing anti-substance use cognitions can count on being more 

effective at reaching potential influencers due to the wide distribution of network actors who tend to 

be susceptible to anti-substance use cognitions (Mrug & McCay, 2013). Interventions focusing 
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directly on drinkers may also be less effective than those targeting peer disapproval of drinking 

(Cunningham et al., 2012).  

Practice 

Cascading social contagions or ‘tipping points’ are often mentioned in relation to behaviour change 

research (Kossinets & Watts, 2009). Behaviour change interventions might try to influence 

population health behaviours by focusing on popular actors or thought leaders to spread the 

intervention. There are several overreaching assumptions: that behaviours can spread like a 

communicable disease, a large proportion of the population is susceptible and that targeting popular 

network actors is sufficient. It’s not as simple with social behaviours.  

A picture of the social and behavioural tendencies within networks is essential to uncover complex 

interdependencies. The most influential members of the networks may be useful to identify, as would 

actors susceptible to the behaviour. This research has attempted to present several methods that can 

be useful to build and analyse that picture especially for interventions in New Zealand. 

There are many ways to estimate the time it takes for health behaviours to spread. Although the 

cognition data had a very small overall increase the combination of social network data and actor-

oriented modelling was able to distil out significant parameter effects associated with diffusion. The 

findings in this thesis from the stochastic actor-oriented model and diffusion model made it clear that 

the rate of spread can differ based on the network population and the behaviour being examined. 

Since actors have varying levels of awareness and evaluation it is much more difficult to generalise 

about actor attributes than with conventional quantitative modelling methods. However, the run 

simulations based on the original model parameter estimates are a way to determine more precisely 

some of those differences.  

Locating thought leaders/popular actors should no longer be default components for behaviour 

change interventions. Those who are popular tend to be connected to the same actors within clusters; 

they tend to mirror one another in a phenomenon called network autocorrelation and subsequently 

may not span the network very efficiently.  Traditional centrality measures are actually insufficient 

for locating the actors who are optimally located in a network to spread information or removed 

enough to limit the spread (Borgatti et al., 2009). From a public health perspective it may not be 

important to focus on centrality since contagion requires a number of pre-existing conditions. Actors 

need to have an interest in spreading health behaviours. They also need to have some degree of 

influence over their peers, depending on the health behaviour. For contagions like the flu, for 
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example, high in-degree actors tend to show flu symptoms before the rest of the network. For 

contagions like health behaviours it’s more complicated.    

Also, popular actors may be more interested in maintaining the status quo instead of doing things 

which present potential risks to their social position by decentralising the network (an iatrogenic 

effect). Other network actors to consider are those on the periphery who may be less popular. The 

theory of weak ties seems more important in light of results from this thesis for spreading optimal 

health behaviours. Weak ties imply that there are actors who provide the connections between 

subgroups within a network. They may not be popular but can still be influential especially for 

socially controversial interventions. They take on the role of innovation/information brokers who 

can connect disparate parts of the network and increase overall network cohesion. Bridging nodes 

may be more useful to consider with binge drinking interventions or even anti-substance use 

interventions which seem to be associated with clusters that are fairly evenly spread throughout the 

network. 

A text messaging service, Txt2Quit, is an intervention that sends free text messages to support 

smokers to quit. The texts provide motivation and offer cessation advice and tips for a period of three 

months. It currently does not target specific age groups. The use of social network analysis with 

Txt2Quit service is an example of where research should be heading in the New Zealand context. 

Text messaging interventions are used in the New Zealand tobacco control sector already, with some 

success, as well as in diabetes control as a medication adherence intervention. The Txt2Quit 

interventions provide a two-fold increase in self-reported quit rates and it is demonstrated to be 

equally effective for Maori and non-Maori. The intervention also demonstrated consistent results for 

age, gender and income.  

Social network analysis can be used to leverage the ability to more effectively target smoking 

prevention text and video messages to reach those who might be more susceptible within networks 

of smokers. Alternatively, non-smoking friends of smokers could also be targeted to provide support 

to their smoking friends. Potentially, non-smoking friends could help to disrupt the supportive 

elements of selection driven smoking social network groups. Another aspect of text-based smoking 

cessation interventions is that smokers can also be asked to nominate their friends who are other 

smokers to also receive the intervention and then target network specific intervention messages. 

Rather than splintering a group of smokers, an intervention may need to be designed for diffusion or 

spread with regard to adolescent drinking interventions. For older adolescent drinkers where 

influence processes may be driving drinking adoption and homophily drinkers can be targeted with 

cessation messages to expand the reach of the intervention. In addition, bridging nodes can be 
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selected if a picture of the social network is already known in order to maximise reach more quickly. 

Messages can also be sent to a social network where messages can be tailored to the recipients’ social 

position. In addition, with bridging nodes, permission texts can be sent to alters on their behalf to 

augment peer to peer diffusion. 

 

6.6. Research implications 

Networks are actually not real; they are constructs partly linked to theory and partly to empirical data 

(Robins, 2015). Ties are real, however, but methods for defining network boundaries are debatable 

(deciding who to include in the social network). For logistical and theoretical reasons the boundary 

of the school and classroom was adopted. The modelling in this thesis was directed by the literature 

and closely followed published models and tests for goodness of fit. The language used in Chapter 5 

is very careful not to make claims about the impact of ties outside the classroom boundary on ties 

within (Borgatti & Ofem, 2010). This reflects the limited applied use of agent-based models in New 

Zealand. 

Intuitively the adolescent substance use variable/actor attribute was the outcome variable. In trying 

to answer how social networks affect adolescent substance use outcomes the point of difference 

between conventional public health research and the approach described in this thesis was to treat 

the network as a fixed explanatory variable. Mapping networks rather than undertaking surveys to 

determine population attributes is essential for understanding interdependent (complex) social 

mechanisms (Aral & Walker, 2012).  

The majority of behaviour change interventions in New Zealand use cross-sectional data. They often 

evaluate behaviour change using teacher or peer nominations to find opinion leaders especially with 

peer training interventions. The next step is to develop interventions that use social network data to 

disentangle the social drivers and couple that data with agent-based models to overcome limitations 

of cross-sectional data or longitudinal data where the processes between observations would 

otherwise be unknown.   

Attempting to answer questions about social selection processes, social influence processes, 

diffusion of innovation, and likelihood questions are all important for taking the next step with regard 

to conducting social network research in the public health sector. Some of the findings from this 

research also illustrate the importance of distinguishing between various social processes in a 

statistically rigorous way. The implication is that there can be varying rates of health behaviours with 
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regard to where and when they are likely occur. This type of knowledge is useful not only for 

evaluating the reach of health interventions but also for informing an optimal network-based 

intervention. Another intuition from this research is that people tend to know the preferences of 

others in their friendship networks. Useful research might be to determine which people in the 

network are more susceptible to, interested in or persuaded by a health behaviour or behaviour 

change intervention. 

Although it may not be surprising that substance use behaviours autocorrelate (consistent with 

existing research) the findings that smoking behaviours autocorrelate due to selection processes and 

drinking behaviours autocorrelate due to social influence processes is important. Generalised linear 

models could have been used to test for correlations but it would have been more difficult to 

simultaneously correct for environmental confounders and homophily.  

Smokers have a tendency to autocorrelate in late adolescence due to social selection processes and it 

would be interesting to see the effect of fracturing groups of smokers to determine if there is an effect 

on smoking outcomes. Although smokers may not be influencing smoking uptake in this age group 

they may be reinforcing the behaviour by autocorrelating together and by looking at the groups from 

a network perspective. Research should try to determine if smoking behaviour outcomes change 

when a group of smokers is fractured (reducing any potential reinforcement to smoke). Also, with 

Txt2Quit interventions research should be conducted with younger adolescents where the influence 

driver may be stronger with regard to smoking.  

Research should also be undertaken for text interventions for drinking that leverage influence 

mechanisms to develop surveys that can fish out bridging nodes without needing to create a social 

network map. A follow-on research question might be to determine whether there is stronger 

adoption or uptake of the text intervention if people are randomly chosen, nominated by friends, or 

nominated as key influencers for hazardous drinking intervention. 

 

6.7. Summary 

Some individual attributes matter in conventional research and attributes such as ethnicity and gender 

also mattered in this research. However, actor demographic attributes should not be the only focus 

for the design or targeting of adolescent substance use interventions. Taken together the models 

indicated significant social drivers of network and behavioural parameters that drive substance use 

behaviour. The findings indicated that smoking similarity, reciprocity and choosing a friend of a 
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friend to also be a friend increased the tendency for friendship ties. They also showed there are 

different social network drivers of smoking (selection processes) and drinking (influence or 

contagion processes). The findings were also able to show that anti-substance use cognitions could 

be diffused using friendship networks with particular focus on friendships between males. The 

findings ultimately support using a network lens and also suggest that an actor’s capacity to spread 

or diffuse positive and negative behaviours should contribute to intervention design. This thesis 

presents methods and analysis results that suggest social processes may have greater impacts on 

adolescent substance use and therefore could be effective in preventing the uptake of behaviours. 

This thesis adds to the body of substance use research which indicates that smoking behaviours tend 

to be selection based and alcohol behaviours tend to be influence based in older adolescents. Social 

network analysis may be able to explain why some intervention approaches focusing on substance 

users succeed or fail (depending on the substance). A focus on primary prevention for drinking may 

be more effective. Findings from this thesis suggest there may be more success with interventions 

that prevent the uptake of alcohol rather than those targeting those who are already drinkers (Cavalca 

et al., 2013; Teunissen et al., 2012).  

In order to test the hypothesis that network structure drove self-organising processes (including 

substance use), initially a purely structural focus on network ties was used. Homophily effects were 

also modelled to examine the proportion of homophilous to non-homophilous dyads. Actor attributes 

were included as control variables. Using the structural parameter estimates produced by the models 

it was then possible to draw inferences about the endogenous network processes that produced some 

observed tie formations.  

There are often network autocorrelations that occur in ordinary life which appear to be driven by 

social network influences. Students who are similar on a range of actor attributes but do not know 

each other are more likely to hang out in the same places and know the same people than if they were 

not similar to begin with. As this research points out, social influence mechanisms are difficult to 

delineate because of all the potential other influences that can occur. The models discussed in this 

thesis reduce confounding effects or at least identify them so they can be easier to account for from 

a complex systems perspective and potentially applied through interventions.  

It is important to note the inverse relationship between the strength of peer influence and the 

prevalence of substance use behaviour (smoking and drinking). Older social network methods were 

based on the assumption that substance use behaviours spread like contagions. This is a false 

equivalency that overlooks much more complicated susceptibility requirements. It also overlooks the 

ability of a behavioural contagion to spread healthy behaviours as well. Interventions based on 
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empirical network data may not be as successful as simulations suggest. Many of the phenomena 

observed in real world networks can be replicated, such as network autocorrelation of substance use 

behaviour or other actor attributes. However, identifying the edges of adolescent drinking groups in 

real-world networks is more difficult.  

The difficulty getting to the intervention phase in New Zealand is that there is still an apprehension 

due to the lack of local social network research to support public health interventions. Further 

research is needed in conjunction with international partnerships where the capability and capacity 

is stronger and can be leveraged for use with New Zealand social network data. However, ERGMs 

have proven useful for quantifying the likelihood of selection processes driving smoking behaviour. 

SAOMs and DOIs have been useful for verifying the ERGMs analysis of selection processes and 

also for disentangling selection from influence processes. They have also been very useful at 

quantifying influence processes associated with drinking behaviour and contagion associated with 

anti-substance use cognitions. Social processes measured through a combination of social network 

analysis and agent-based modelling show strong associations with adolescent substance use. Social 

networks therefore could be effective in preventing the uptake of smoking and also reduce 

established behaviours especially with alcohol consumption. 
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Chapter 7. Conclusion 

Social network analysis involves the study of social networks – the pattern of connections between 

groups of people and how network structures can influence the exposure of those people to certain 

risks. On the other hand, agent-based models (ABMs) use population level inferences developed 

from minute calculations developed from simulated populations. Both methods were ideal for 

understanding the spread of social contagions and developing theories that explain the role of social 

interactions on population health. ABMs are also useful for testing hypotheses about social network 

determinants that have interactions too complex to discern using conventional epidemiological 

methods. ABMs were used in this thesis to simulate the complexity of social interactions and to test 

if theoretical network determinants produced substance use outcomes.  

While generalised linear models could have been employed to show correlations they would have 

had a much more difficult time simultaneously correcting for environmental confounders and 

homophily. This thesis used social network analysis to depict the characteristics and structures of 

social networks or subsets of them such as groups and cliques. Relationships between social network 

patterns and health behaviours were assessed. Agent-based models used stochastic computer 

simulations to simulate all the components of the observed network including the network actors as 

well as the space and time that they existed in. The simulations were used to determine how health 

or behaviour patterns seen at the macro level can be reproduced from micro level behaviours and the 

social network pattern of connections. 

This study of social network dynamics provided insights on how human behaviour influences the 

evolution of social networks and how networks influence people. Historically the data required for 

social network analysis was so large that it was either inaccessible or had gone uncollected. However, 

in recent years large data sets have become ubiquitous. Mobile phone data, for example, enables us 

to trace the movement of people and their physical proximity to one another. There is a large amount 

of data being generated all the time from phone and text records, email records, and encyclopaedic 

amounts of observational research. The problem is that there is as yet no objective definition for 

defining whether a social relationship exists. 

Observing social network relationships is difficult since while it may be relatively easy to interview 

friends it is difficult to interview a friendship. While it is useful to measure attributes like as socio-

economic status and compare with social network characteristics current methods are severely 

challenged with how to account for missing data. However, in recent years social network analytics 

has developed in tandem with rapid advances in computing potential (Watts, 2007). Statistical 
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models which once were untenable due to a lack of computing power have led to the development 

of ERGMs and SAOMs (Kossinets & Watts, 2009; Valente, 2005).  

The conceptual framework underpinning epidemiologic analysis fails to consider that there are social 

conditions at the interpersonal level and macro social conditions at the network level which can drive 

behaviour. Epidemiology in New Zealand relies on an etiologic understanding of diseases to 

determine whether multiple mutually exclusive exposures can be associated with a certain health 

outcome. Although there is an acknowledgment that socio-economic factors such as ethnicity and 

income affect health outcomes from the perspective of social epidemiology these factors are treated 

as attributes rather than exposures which cause a health outcome to occur. In addition, the techniques 

used by many epidemiologists, such as linear regression, also tend to assume that attributes as they 

were do not change or cannot have multiple degrees of change at interconnected levels.  

SNA is a quantitative discipline with roots in qualitative values. Conventional regression approaches 

are unable to analyse complex relational scenarios since the regression perspective violates the 

assumption of independence and independent observations. There are examples of using multi-level 

regression techniques with social network data but the problem of multiple factor confounding linked 

with social interaction variables becomes very difficult to deal with (Alexander et al., 2001; Scragg 

et al., 2010). Using network analytic techniques in place of conventional regression-based ones to 

examine social interaction, associations with population health can be more accurately modelled. 

To our knowledge this is the first study to examine the associations between exposure to adolescent 

social network structures and substance use in New Zealand. Findings showed a significant increased 

risk of social selection processes driving late adolescent smoking behaviour. The same processes did 

not appear to drive drinking behaviour where social influence processes seemed to play a stronger 

role. There also seemed to be significant risks that males tended to be more susceptible to anti-

substance use cognitions if friends also had negative perceptions of substance use.    

Epidemiology is already able to show that the pattern of social connections between people – the 

social network – can affect the diffusion of health behaviours (Centola, 2010). Social networks are 

often structured as residential-type networks where people are imbedded in neighbourhoods and the 

neighbourhoods are overlapping, or casual contact networks where people have more random 

connection to one another. The networks described in Chapter 4 had characteristics of both residential 

and casual networks. Social network interventions that rely on networks actors to spread 

interventions that can change substance use behaviour need to account for the type of network in 

order to design interventions that can spread at a sufficient rate. You would target closely structured 
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neighbourhood networks or structure social networks where behaviour change is the goal to be more 

like neighbourhood networks rather than casual networks.  

Substance use behaviour occurs within the bounds of a variety of constraints. Some constraints are 

social and others are chemical. This is observed among those who have become addicted to certain 

substances and are constrained by their dependency on the substance. While those chemical and 

biological mechanisms are occurring there might also be social constraints where drinkers get 

inducted into the behaviour based on social criteria or where there is an attraction between smokers 

for one another. Constraints can also be personal whereby individuals can have goals that constrain 

their actions. 

Future directions 

The simulation aspect of the models presented in this thesis could test possible interventions on 

simulated populations (based on an empirical one). When developing network interventions it would 

be possible to determine if the recipients of an intervention should be incentivised to change their 

health behaviour or if influential actors should be incentivised to influence their friends using the 

base models developed in this thesis and then simulating out. As interventions become more targeted 

and population-scale interventions become untenable due to resource constraints (Atkinson, Page, 

Wells, Milat, & Wilson, 2015) the exploitation of influence thresholds or conversely susceptibility 

thresholds may become essential (Valente, 2012).  

Measuring thresholds, for example, would consist of stratifying the levels of susceptibility in terms 

of the network actors who need no one to lead the way for adopting a behaviour and those who do  

(Fujimoto et al., 2012; Morgenstern et al., 2013). In turn the actors with lower thresholds can be 

targeted as intervention change agents (with some prior knowledge of adoption tendencies in the 

network). Low threshold adopters of a positive behaviour change intervention would be important to 

target initially since they can create the critical mass necessary for tipping point/cascade phenomena 

to support higher threshold adopters.  

Despite the dominance of the commercial beverage industry and the advertising sector the same 

principles they exploit for commercial gain can also be applied to social goods like public health 

interventions (Light et al., 2013). The private sector owns a tremendous amount of network data. 

Public health interventions in New Zealand generally use either education/training models to 

proliferate or provide short-term incentives, with difficulty moving beyond this regime due to poor 

access to data. The biggest challenge currently is capturing relevant network data. Health behaviours 

are important to focus on but access to health data is difficult to collect especially from a privacy 

perspective.  
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The New Zealand health system generates large amounts of data daily that can be turned into social 

network data with the National Health Index (unique health identifier). However, as wearable 

monitoring technologies rapidly improve, passive data collection may become more ubiquitous and 

easy to access through public private partnerships. The phrase ‘massive-passive’ data collection will 

be important to small health systems like New Zealand’s where there are poorer economies of scale 

to justify costly diagnostics, therapeutics and monitoring (Lin, Bose, Chang, Doshi, & Saxon, 2014). 

There may be more capability and capacity in the near term to concentrate on general practitioner 

networks to diffuse interventions or to study doctor patient networks. The national data collection 

system and primary care funding models used in New Zealand are well placed to be able to support 

social network interventions. Care delivery pathways (relational tie) could be exploited to speed the 

diffusion of new technologies or medical therapeutics among healthcare providers. New Zealand 

uses a system of unique patient identifiers that could be chunked into bipartite networks of doctors 

and patients and include prescriptions data or medical claims data to study how new therapies are 

adopted by patients and providers alike. Ties between doctors could also be elucidated based on 

patients that any two doctors both treat, to generate weighted networks. 

The social network perspective is greater than simply a methodology which extends social science 

research (Robins, 2015). A social network perspective accounts for connectivity and interdependence 

in ways that linear modelling is unequipped for. SNA can potentially explain large social phenomena 

such as the spread of information, behaviours, and diseases which can happen slowly or quickly. The 

challenge for SNA is to come up with results that can be easier to interpret than the graphs they 

produce or the complex subjects they study. A challenge which the field at present is occupied with 

is how to account for changes within networks over time. The interaction patterns within networks 

dynamically relate to structural position in the network. Another challenge is to determine why 

people who share relationships or people who are in adjacent relationships tend to be autocorrelated 

(Coviello et al., 2014).  

Identifying opinion leaders and popular network actors is an important part of social network analysis 

especially for health interventions. However, it may be imprudent to assume that health behaviours 

only spread through the most popular actors or that high degree actors have the most influence over 

the network, as the substance use behaviour findings (in this thesis) and similar research suggest 

(Brady et al., 2013; Liao et al., 2013). Social network analysis is a relatively new tool for the New 

Zealand public health sector. As a result, caution must be exercised regarding the efficacy of network 

interventions or even the contagiousness of health behaviours (Cavalca et al., 2013).  
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This thesis highlights the constraints of traditional substance use research methods using linear 

regression modelling to determine the strength of associations between health behaviours and socio-

economic risk factors. This thesis attempted to make sense of the system as a structure of individuals’ 

friendships. Social network analysis was chosen as the method for this research not because of its 

novelty but because it was theoretically compelling to do so. The insights it offers has shown that 

ethnicity, gender and other actor attributes play a part in driving adolescent substance use behaviour, 

which validates conventional substance use research. However, social networks are also drivers of 

behaviour in significant ways that can be measured simultaneously with individual actor attributes 

such as gender and ethnicity.
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Appendices 

          Ethical Approval 

        12/11/12  

Office of the Vice-Chancellor 

 Research Integrity Unit  

UNIVERSITY OF AUCKLAND HUMAN PARTICIPANTS ETHICS 

COMMITTEE 07-Dec-2012 

MEMORANDUM TO: 

Dr Judith McCool 

Social & Community Health 

Re: Application for Ethics Approval (Our Ref. 8794) 

The Committee considered your application for ethics approval for your project entitled 

Effects of social network structure on adolescent tobacco and alcohol use.  

Ethics approval was given for a period of three years with the following comment(s): 

Thank you for making the changes to the ethics application as outlined in your memo. The 

koha that will be available to students and the school, however, is not made clear in the PISs 

for the Principle/BOT and the students and is not explained consistently. For example, the PIS 

to the Principle/BOT does not mention the gift of the koha or the $100 to each school. Please 

add the specific information outlined in your memo about the kohas (point 4 both PISs) to 

make it clear to the school and the students exactly what the gifts are that they will or might 

receive. 

The expiry date for this approval is 07-Dec-2015. 

If the project changes significantly you are required to resubmit a new application to 

UAHPEC for further consideration.  

In order that an up-to-date record can be maintained, you are requested to notify UAHPEC 

once your project is completed. 

The Chair and the members of UAHPEC would be happy to discuss general matters relating to 

ethics approvals if you wish to do so. Contact should be made through the UAHPEC ethics 

adminisatrators at humanethics@auckland.ac.nz  in the first instance.   

All communication with the UAHPEC regarding this application should include this reference 

number: 8794. 
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           Survey questions 

The Following questions are excerpted from a larger survey distributed for this research and 

account for the questions used for model analyses presented in this thesis. 

 

Substance Use Behaviour (behaviour variables) 

1. Personal Smoking: On average how many cigarettes do you smoke during a week? 

 0 

 1 or 2 

 Between 3-10 

 Between 11-20 

2. Would you like to continue smoking or quit/reduce smoking? 

 Continue smoking 

 Quit/reduce smoking 

3. Personal Drinking: On average, how many alcoholic drinks do you drink during a 

week? By alcohol we mean beer, wine, spirits, and pre-mixed drinks. 

 0 

 1 or 2 

 Between 3-5 

 More than 5 

4. Would you like to continue drinking alcohol or quit/reduce drinking alcohol? 

 Continue drinking 

 Quit/reduce drinking 

Substance Use Perceptions (covariates) 

The following cognitions were determined by asking participants to select from multiple 

choices where the question was ‘Which of these do you think is not okay/not cool for people 

your age to use regularly?’ The answers available to select from included: cigarettes, alcohol 

(beer, wine, spirits), marijuana, other drugs that can cause a high or a trip, no substances are 

okay. 
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1. Which of these is okay/ cool for people your age to use regularly? 

 Cigarettes 

 Alcohol 

 Marijuana 

 Other drugs that can cause a high or trip (‘P’, speed, homebake, etc) 

 None of these 

2. Would you like to start smoking cigarettes? 

 Yes 

 No 

3. Would you like to start drinking alcohol? 

 Yes 

 No 

Control Attributes (covariates) 

1. What is your gender? 

 Female 

 Male 

2. Which ethnic group do you belong to? (You may choose as many as you need) 

*Participants given the option to tag an ethnicity they most identify with if multiple 

ethnicities were chosen. Answer prompts were borrowed from the ASH surveys.  

 New Zealand European  

 Other European  

 Chinese 

 Indian  

 Other Asian  

 Maori  

 Samoan  

 Cook Islands Maori  

 Tongan  
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 Niuean  

 Tokelauan  

 Fijian  

3. Does anyone from your household on the list below smoke cigarettes? (*a list of 

nominated family members appeared next to this list) 

 Never 

 Sometimes 

 Often 

4. Does anyone from your household on the list below drink alcohol? (*a list of 

nominated family members appeared next to this list) 

 Never 

 Sometimes 

 Often 

Dyadic covariates 

1. What are some of the other ways you are connected to your classmates? Are you 

connected to each other as family relatives, through social clubs, sports/athletic 

activities, or work? (*a list of nominated friends was provided next to this question) 

Friendship name generator 

1. Which other Year 12 students at your school do you hang around with? Include your 

closest friends at the top of the list. You do not need to fill out the whole list. Use as 

many spaces as you like. (*10 empty boxes were provided for students to put the 

names of their nominated friends in) 
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          Data handling and coding protocols  

1. School principals provided the researcher with a class roster/roll. The roster 

contained each student’s first and last names. A randomly generated roster ID code 

(e.g., N123, N234, N345…) compiled by the researcher was paired with each name. 

Participants used their roster ID code for logging in to take the survey. This roster 

containing participant names and randomly generated roster ID numbers was kept 

confidential and known only by the research team.   

2. A separate file was created with a new set of Study ID codes (e.g., S1, S2, S3…) 

paired with the roster ID codes provided for the purpose of matching the student 

survey responses with the school roster. Participant names were not included in this 

new file. At this point any participant who did not want to participate or have his or 

her demographic information included in the study received a "0" in conjunction with 

their Study ID code.  

3. By collecting the data in this manner a ‘firewall’ was created to maximize the 

participants’ confidentiality.  The individual results with identifying information was 

not provided to anyone else, including the school staff of the participating schools. 

Therefore, subjects (and their responses) were able to remain confidential for the 

duration of the study and thereafter. It is important to provide this protection with 

social network studies (Borgatti & Molina, 2005). 

4. When the researcher uploaded the data from the survey server to the research 

computer (saved onto the University of Auckland server, thus protected), the data 

was also deleted from the initial SurveyGizmo server. No name was recorded, only 

the corresponding ID number (for each respondent as well as for each social 

relationship), ensuring confidentiality. In addition, once the data from the surveys 

was compiled, coded R processes were used to replace the column of names with the 

corresponding ID code. The name column was not retained by the R code once an 

ID code had been associated with participant data.   

5. The roster file was deleted once no longer needed (e.g. all data had been collected 

and no follow-up or further contact with respondents was needed); there would be 

extreme difficulty in attaching a name back to an ID. 

6. All electronic files whether on the SurveyGizmo server or the University of 

Auckland server were password protected and only known to the researchers. The 

de-identified data will be stored for six years at the School of Population Health, 
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University of Auckland. Participant rosters with name and identifying information 

as well as the roster key linking participant names with randomly generated 

participant numbers was deleted after the data collection process. Only de-identified 

responses were retained for analysis. 
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          ERGM continuous time estimation modelling 

Longitudinal network data requires modelling the data with a latent change between 

observation points (Robins, Snijders, Wang, Handcock, & Pattison, 2007). This is made 

statistically possible using a continuous time parameter which models the data as if it were 

continuing on between observation points (RW.J. A. Lospinoso et al., 2011; Schweinberger, 

2012). Since continuous or even quasi-continuous observation is difficult by using the 

continuous time parameter it is possible to observe networks and behaviours with limited 

and irregularly spaced observations (T. A. Snijders, 2005). The advantage of the continuous 

time parameter is that even when an observation is made at three time points that can be 

irregularly spaced as with this research it is still possible to model a continuous change 

between observations. 

One of the limitations of the ERGM method is that it cannot simultaneously account for 

friendship and behaviour/actor attribute (evolution of dependent variables). In addition the 

changes between observation moments are a problem not only for ERGMs but conventional 

inferential statistics (Robins, 2015). However, the continuous time estimation algorithm 

used with SAOMs permits the changes in the states of friendships and actor attributes 

between observations to be simulated. Simulating unobserved changes is valuable when 

dealing with a small number of observations since it allows for potential inferences to be 

made regarding the evolutionary co-occurring trends (T. A. Snijders, 2005).  
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           ERGM Parameter estimates  

Unlike random samples selected from populations an ERGM uses a network data set where 

actors and cases are interlinked. Therefore the ERGM algorithm produces a large sample of 

randomly generated networks. The random distribution of networks is based on parameters 

from the observed network but more specifically the sample is derived from the dependent 

structural effects like transitivity, reciprocity and density. If the average of the sample for a 

simulated network parameter statistic such as transitivity and the observed parameter statistic 

is different (where a t value greater than 1.96 indicates statistical significance at the .05 

level), the observed network could be said to exhibit the tendency being modelled (Lusher 

et al., 2013).  

Tie formation tends to be more likely if there is an attractive configuration of ties (i.e. with 

positive parameter estimates) and less likely if it results in unattractive tie configurations 

(i.e. negative parameters) (Lusher et al., 2013). In addition effects are estimated together (to 

reflect the condition of dyadic interdependence) in order to assess the relative strength of 

multiple processes that occur simultaneously resulting in the observed network structure. 

The parameter estimates (resulting from the estimation process) associated with each 

configuration of model effects represent the log-odds ratio of tie formation (T. A. B. Snijders 

et al., 2006). Reciprocated ties for instance with positive parameter estimates suggest that a 

single network tie is more likely to form if the creation of that tie results in a reciprocated tie 

configuration (Lubell, Henry, & McCoy, 2010). The normal distribution of parameter 

estimated gives a log-odds ratio which can be considered significantly different from zero 

(for this research is the 95% confidence level or 1.96 standard error units away from zero). 

Models do not necessarily explain that a network is transitive if there is a significant 

parameter statistic for transitivity, for example, since there is no longitudinal data to support 

a transitive process (SAOM is able to do this) (Lusher et al., 2013). In other words, an 

estimate of zero indicates that the effect modelled occurs at a rate that is consistent with 

chance. A positive parameter on the other hand suggests that the effect is more prevalent and 

a negative parameter suggests that it is less prevalent than chance given the other effects in 

the model (T. A. B. Snijders et al., 2006). In order to interpret the parameter estimate for the 

effect of transitivity with a coefficient estimate 2.0 is the odds that ego will choose a tie (vs. 

not chose a tie) resulting with a transitive triad is e^2=7.4. Subsequently, the probability that 
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ego creates a tie by choice to actor B is 0.88. This probability is the odds ratio from the 

estimated model (Lusher et al., 2013). 

Transitivity is a common feature of social networks but is also a difficult effect to model 

since highly transitive networks tend to contain highly connected clumps or subgroups that 

are not well connected to one another (T. A. Snijders, 2005). The alternating k-star parameter 

or the triangulation/multiple connectivity terms in the ERGM software are critical for 

overcoming the problem of simulating too many or too few cliques or groups. The 

geospatially weighted terms are able to directly incorporate the alternating configurations 

into a single parameter estimate (Hunter, 2007; Morris et al., 2008). They are not a direct 

count of the number of such configurations but instead a kind of weighted estimation for 

how many of each type of configuration are in the network (Lusher et al., 2013). Another 

important service geospatially weighted terms render the modelling process is that they give 

a probability for a certain type of geometric or star configuration that is inversely 

proportional to its order (Robins, Snijders, Wang, Handcock, & Pattison, 2007). What this 

means is that a 3-star is more likely than a 4-star and a 2-star is more likely than a 3-star. 

Also, the sign (+,-) changes for the stars as the name implies so that if a 4-star is positive a 

3-star will be negative. 

Guiding concepts 

ERGMs estimate sets of specified parameters that evaluate their relative significance, effect 

size and effect on model fit for cross-sectional data. SAOMs model sets of parameters for 

longitudinal data sets but use a similar estimation algorithm to the p* models (ERGM). 

SAOMs also extend the p* models to pose deeper level relational and association questions. 

Both model types can be further broken down into structural and actor attribute sub-models. 

The models also consist of dependent variables (network and behaviour) generally treated 

as endogenous to the model and the independent variables as exogenous and informative to 

the model. The endogenous aspect of networks implies there are mechanisms at play where 

the network structures itself (autocorrelation) (Robins, Snijders, Wang, Handcock, & 

Pattison, 2007). Endogenous effects occur at the actor, dyad, triad, subgroup and network 

levels (Lusher et al., 2013). For the ERGMs and SAOMs modelled in this research the 

network variable for both cases is friendship (endogenous).  

Generally with network analysis the initial analysis is descriptive and includes graph 

visualisations to guide higher level generative analyses. The descriptive analysis provides 
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summary network measures at the nodal level such as density and a triad census. Following 

the descriptive analysis the generative analysis presented in this thesis covers the complex 

social processes abundant in cross-sectional and longitudinal data as well as the ability to 

perform hypothesis testing.  

The difficulty with generative statistical analysis is that simulated networks have to be based 

in some way on characteristics of the observed network (Lusher et al., 2013). However, as 

Lusher et al. points out most randomly generated networks do not often resemble the 

observed ones (2012). So, when a distribution of network graphs is simulated it becomes 

essential to place restrictions on those graphs based on empirical properties (Robins, 

Snijders, Wang, Handcock, & Pattison, 2007).32 

 

 

  

                                                           
32 Those properties usually include effects such as density, reciprocity, and some form of degree measure to 
model popularity. 
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           ERGM mathematical specification 

The models are made up of a set of parameters where each parameter is an effect that 

describes the count or weight of a particular structural or actor configuration. Model 

parameters were estimated using a Markov Chain Monte Carlo procedure for dyadic 

dependence models (T. A. Snijders & Van Duijn, 2002). The MCMC maximum likelihood 

estimation used in the ERGMs produced estimates by comparing the observed network 

against a distribution of simulated networks.  

The following is the basic form of the ERGMs modelled for this thesis: 

Specification 

 

 

Network variables 

 

Attribute variables 

 

Network and structural parameters 

 

Network and structural statistics (endogenous effects) 

 

Social selection parameters for interactions between network and attribute 

variables 

 

Social selection statistics for interactions between network and attribute 

variables 

(Lusher et al., 2013) 
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  ERGM guide for parameter estimate interpretations  

The following criteria were used to help interpret parameter estimates (Morris, Handcock, 

& Hunter, 2008; Lusher et al., 2013).  

 If an effect is not significant – empirical evidence does not support that the density 

or count of a certain network attribute might affect network tie formation (network 

structure) 

 Significant parameter estimates indicate that a given configuration is observed more 

than expected (if the parameter was 0), given the rest of the effects in the model.33 

 An approximate Wald tests if a parameter is significantly different from zero. A Wald 

test takes the parameter estimate and divides it by the standard error of the parameter 

estimate. If the ratio between the standard error and the parameter estimate is smaller 

than 1.96 or larger than 1.96 the parameter is said to be significantly different from 

zero (a significant effect). Another way to say it is that the check is to see if the 

estimate is within 2 standard error units of 0.  

 If the parameter estimate is zero then the estimator would have a distribution that is 

centred on zero with standard deviation equal to the standard error. 

 If the hypothesis that the parameter is equal to zero is rejected then the parameter is 

significantly different from zero. 

 A zero result for a parameter estimate indicates that the model effect occurs at a rate 

inconsistent with chance. A positive parameter indicates a parameter that is more 

prevalent and a negative parameter estimate indicates a less prevalent effect than 

chance given the rest of the model effects. However, the effects do not provide a 

probability for the distributions of the effects for the parameter estimate. 

 

 

 

 

                                                           
33 ERGM coefficients (model parameters) are log-odds ratios, such that they represent tie formation and the 

calculation of conditional tie probabilities would be expressed as exp(p)/1+exp(p). 
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 ERGM goodness of fit diagnostics 

Network 1 smoking model 
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Network 1 drinking model 
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Network 2 smoking model 
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Network 2  drinking model 
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           SAOM continuous time summary of assumptions 

Continuous Time: The time parameter is continuous. The process proceeds in time steps that 

can range in length (Leenders, 1995; Faust & Wasserman, 1994; Holland & Leinhardt, 

1977).  

 Networks are time dependent in that they change slowly between observation points 

(J. A. Lospinoso et al., 2011). 

 Network changes occur one tie variable at a time (Holland & Leinhardt, 1977). In 

other words changes of network structure (ties) or behaviour (smoking/drinking) do 

not happen all at once but one by one as opposed to multiple actor coordination so 

that the change process gets broken down into the smallest possible components 

(Lusher et al., 2013). 

 The estimation algorithm is memoryless in that change probabilities only rely on 

current states of the network (not previous ones) (Hedström & Ylikoski, 2010; 

Udehn, 2002).  

 Network changes are the result of Markov processes.  

 Actors control their own ties to other actors (Hedström & Ylikoski, 2010; Udehn, 

2002).  

 Only one probabilistically selected actor can make changes at a time. Only one tie 

can change at a time (Holland & Leinhardt, 1977) which deconstructs the change 

process to the smallest possible parts, which helps with parsimonious modelling.  

 The change rates for the change opportunity process is driven by actor positions in 

the network as well as their individual attributes.  

 The process that models how actors actually determine the changes to make when 

the actor has the opportunity to change is a probability derived from network position 

as well as ego and alter actor attributes. 
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           SAOM determining data suitability 

1. To determine the extent that the observed data set could be modelled using a SAOM 

several conditions were checked. In addition, the distance between successive observed 

networks can be represented by the Hamming distance, or more specifically the number of 

tie variables that differ between observations. Similarly the Jaccard index can be used to 

show the distance between successive networks (J. A. Lospinoso et al., 2011). The Jaccard 

index measures stability of the network tie structure between observations (Koskinen & 

Snijders, 2007). For the Hamming and Jaccard indices, only cells in the adjacency matrix 

which have tie data at the starting and ending waves for the observation period were counted. 

When Jaccard indices increase and the average degree does not, there is an indication that 

network composition changes may make it too difficult to consider that network data as 

reflective of an evolving network (a result indicating unsuitability for modelling with 

SAOMs). As a network level descriptive which is useful for preliminary analyses Jaccard 

values of at least .3 are good and indicate that the data is suitable for estimation. Values 

lower than .2, however, indicate potential difficulties with the algorithm used with SAOM. 

For example, if the Jaccard Index is low at a value below .2 and the network density is 

constant for three data waves then the first wave will not play much role in the SAOM results. 

Using an unconditional form of SAOM (as with this research) it also means the second wave 

will be treated only as a sample from the stationary distribution of the network dynamics. 

However, if network density is either increasing or decreasing and the Jaccard index is low 

there will not be a problem with estimation. 

2. The t ratios for deviations from targets are provided from the estimation. The algorithm 

has converged when the t-ratios for convergence are smaller than .1 in absolute value, and 

nearly converged if smaller than .15.   

3. Model degeneracy occurs when the data causes instability of the algorithm. The initial 

value of the gain parameter determines the step sizes during the parameter updating phase 

of the algorithm. A value that is too low implies that it takes very long to get a good 

parameter estimate when starting from an initial parameter value that is far from the true 

parameter estimation. A value that is too high implies the algorithm will be unstable, and 

may lead to high parameter values.    
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           SAOM estimation algorithm 

An algorithm updated and adapted for social network analysis research by (T. A. Snijders, 

2005; T. A. B. Snijders & Baerveldt, 2003) implemented three phases for this research which 

required fine tuning on the part of the researcher, including: 

1. No standard values were used and initial values were derived only from the data set. The 

sensitivity of the statistics to the model parameters were roughly determined (producing a 

set of initial values for the stochastic process to begin from). This provided only a very rough 

estimate from the matrix data. The parameter vectors were also held constant at their initial 

value for the next iteration.  

2. There were four sub-phases in the second iteration of the algorithm. The parameter values 

initially estimated in the first iteration changed from run to run (there were many runs). The 

changes between estimation runs reflected deviations between generated and observed 

statistic values. The algorithm kept re-running the estimation until the modelled parameters 

began to converge. As the estimations progressed the changes in the parameter values 

became smaller by later sub-phases. In the estimation sub-phase the algorithm searched for 

parameter values that had deviations averaging to 0 or close to 0. Then random selection was 

made from the distribution of possible networks at first and at that point they were slowly 

narrowed down to ones that were more and more probable. The selecting portion of the 

algorithm took product averages from already generated deviations between simulated and 

observed statistics.  

3. In this phase the parameter vector was held constant again. This final value being held 

constant was the value settled on during the previous iteration of the algorithm. During this 

phase standard deviations were produced. A convergence matrix based on the parameter 

values from the previous algorithm iteration was also used to derive the standard errors for 

the new parameter statistics being modelled. The number of runs for this phase in the 

algorithm was set to 3000 as recommended by (Ripley et al., 2013). 

In order to derive the parameter estimates presented in this thesis a stochastic simulation 

algorithm consisting of three phases is used (Koskinen & Snijders, 2007).  
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 The first phase approximates the sensitivity of the statistical parameter.  

 The second phase of the algorithm stochastically updates the provisional parameter 

values (the parameter statistics from the first phase of the simulation). This occurs 

through a process of simulating a network using the provisional parameter statistics. 

Both the statistics and target values are repeatedly updated in small increments that 

begin to move the parameter statistics closer to those of the observed network. The 

incremental updates each use the statistics produced at the previous update. It is 

necessary to point out that many such updating steps are taken but each simulated 

network is a random network drawn from a distribution of networks accepted or 

rejected if they move the set of statistics in the target direction. They are not 

themselves based on the expected value of the statistics from the observed network.  

 The third phase of the algorithm takes the parameter statistics from phase 2 to 

determine if the averaged statistics from the simulated networks are near the values 

of the target values. The RSiena software package produces t statistics for 

convergence which essentially show how far the simulated statistical parameters 

being modelled deviate from the target parameter statistics of the observed network. 

At this iteration the model is considered viable when the t-statistics for convergence 

for all the modelled effects are within a threshold of 0.1 (absolute value). If the t-

statistics are too high the estimation is repeated, either starting from the previous 

estimation if the parameters moved in the right direction or beginning again from 

scratch. In this phase the standard errors for the parameter estimates are also 

estimated. 
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  SAOM mathematical specification of functions and 

effects  

The stochastic actor-oriented models are a continuous time Markov chain, and they represent 

how the network (and behaviour) changes in small steps (mini-steps) from one observation 

to another. Each mini-step comprises a change in only one tie value, or one behavioural 

variable modelled by objective functions (network and behaviour), and their frequency is 

modelled with rate functions (network and behaviour). Below is a description of the basic 

notation, the specifications for objective and rate functions in addition to a listing of the 

model effects used in this thesis. 

Basic notation 

 

Assuming that the network x is 

dichotomous then if the network with actors 

i and j equals 1 stands for the presence of a 

tie from i to j 

 

An absence of a tie from actor i to actor j 

 

The network denoted by x where x stands 

for the value of the directed relationship 

between actors i and j at time t. 

 

The behavioural variable is represented by 

z for actor i at time t 

 

The score of actor i on covariate k where v 

denotes an actor level exogenous covariate 

 

The score of actor i on dyadic covariate k 

measured for the pair of actors ij where w 

denotes an actor level dyadic covariate 

 

For panel data that are collected at a number 

of time points 

 

Network data panel observations 

(lowercase for data) 

 

Behavioural data panel observations 

(lowercase for data) 

 

Stochastic network components 

(uppercase) 

 

Stochastic behaviour components 

(uppercase) 

(Ripley et al., 2013) 
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SAOM Components 

Model components Change frequency  Change rules 

Network evolution 

portion 

Network rate  function Network objective function 

(the sum of network level evaluation 

functions made up of linear combinations 

of theoretically significant components 

that provide the preference for the 

direction of change). The weights in the 

linear combination of effects are the 

statistical parameters. 

Behaviour 

evolution portion 

Behaviour rate function Behaviour objective function (the sum of 

behaviour level evaluation functions 

made up of linear combinations of 

theoretically significant components that 

provide the preference for the direction of 

change). The weights in the linear 

combination of effects are the statistical 

parameters. 

(Koskinen & Snijders, 2007) 

 

 

 

The Rate Function 

Due to a limited number of empirical observations the actual waiting times could not be 

observed. Waiting times were modelled for each network actor i as well as the network and 

behaviour changes. The waiting time for i to take a micro-step change were modelled with 

an exponential distribution so that the parameters for the distributions indicated the speed 

that the changes occurred as a waiting time of 1/λ (Koskinen & Snijders, 2007).  

Subsequently, by using the exponential distribution of waiting times and starting from any 

moment (at the preceding micro-step) the time an actor would have likely waited until the 

next micro-step for either network change or behaviour change was denoted by the rate 

parameter: 
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Combined rate function 

 

The probability for i to take a network micro-step 

 

 

The probability for i to take a behaviour micro-step 

 

 

The observation of network ties at the initial time point 

 

The observation of behaviour variables at the initial time point 

(Ripley et al., 2013) 

 

The rate parameter denotes the estimated number of opportunities for change per actor (with 

each actor corresponding to a row in the adjacency matrix) between observations. There 

were unobserved changes and some opportunities for change leading to the decision not to 

change. Some of these changes could have also been cancelled (make a new choice and then 

withdraw it again). Subsequently, the average observed number of differences per actor 

would be smaller than the estimated number of unobserved changes. In addition, testing the 

hypothesis for a rate parameter of 0 was meaningless because there were differences between 

two observed networks which implies the rate of change is positive.   

Objective function 

The objective function is equal to the sum of evaluation functions (corresponding to each 

effect in the linear combination of effects) for the new state. Since actor i has the next 

opportunity to make a network tie or behaviour change or keep things as they are the 

probability for making such a change depends on the objective functions specified below. 

The objective functions for network changes (Koskinen & Snijders, 2007; T. A. B. Snijders 

& Baerveldt, 2003) and behaviour changes (Veenstra et al., 2013) are specified below.    
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Objective function expression 

 

The objective function for the network portion of the 

model where the next network is x 

 

 

The objective function for the behaviour portion of the 

model 

 

 

The current network 

 

The next network state either equal to the initial network 

state x or a change by exactly one actor i 

 

An actor with an opportunity to make a network change 

 

The maximal satisfaction from N possible outcomes that i 

chooses x’ (for an actor to make a change). The function is 

analogous for the behaviour (beh) sub-model. 

 

The current vector of behaviour scores with possible new 

states being +/- 1 or +0 (no change) 

 

A measure of an actor’s satisfaction with the result of a 

network decision to make, maintain or dissolve a tie 

 

A random disturbance term for unexplained changes 

 

The set of possible new states of the network 

 

 

 

Evaluation function 

The evaluation function can be regarded as the attractiveness of the network (or, behaviour 

respectively) for a given actor. The evaluation functions are used to compare how attractive 

various different tie changes are, and for this purpose random disturbances are added to the 

values of the evaluation function with standard deviations equal to 1.28.  

The objective function has the general shape of the evaluation function: 
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Evaluation function for network effects for the 

network sub-model objective function 

 

Evaluation function for behaviour effects for the 

behaviour sub-model objective function 

 

The estimated parameters (determined by fitting a 

model to the collected data) or weighted strength 

of the corresponding effect – the interpretation is 

the degree that actors have a tendency/preference 

to change to the state of the network or behaviour 

with the maximal value  

 

The effect statistics (detailed in the tables below) 

 

 

Network dynamics sub-model 

Effect Name (evaluation 

effects) 

Effect Formula 

Out-degree effect 

 

Reciprocity effect 

 

Transitive triplets 

 

Transitive ties effect 

 

Number of actors at 

distance two effect  

Three-cycles effect 

 

  

 

Effects for network dynamics associated with covariates 

For each individual covariate, there are several effects which can be included in a model 

specification, which model network evolution and behavioural evolution.  Dyadic covariates 

are denoted by wij and actor covariates (exogenous) are denoted by vi. 

 

 

 



 

180 
 

Covariate effects for network dynamics 

Effect Name (evaluation function effects) Effect Formula 

Dyadic covariate (main effect) 

 

Dyadic covariate reciprocity 

 

The covariate similarity function 

 

Covariate ego 
 

Covariate-alter or covariate-related popularity 

 

Squared covariate-alter or squared covariate-related popularity 

 

Same covariate 

 

 

 

Effects of behaviour on evolution 

For models with one or more dependent behaviour variable(s), the most important effects 

for the behaviour dynamics portion of the model are explained in the table below (Koskinen 

& Snijders, 2007). The table contains effects for how the alters of an actor refer to the other 

actors to whom the focal actor has an outgoing tie. The dependent behaviour variable is 

referred to as Z. Also, the average similarity, total similarity, and average alter effects are 

different specifications of social influence. The choice between them for the models in this 

thesis were made on the basis of statistical significance since there did not appear to be a 

clear theoretical reason to choose one over another. This same rationale for choosing a 

similarity effect was used in several other SAOM studies (J. A. Lospinoso et al., 2011). 

The model of the dynamics of a dependent actor variable consists of a model of actors’ 

decisions (according to the evaluation function), just like the model for the network ties, but 

whether an actor increases or decreases his score on the dependent actor variable by one, or 

keeps the score as is. The behaviour evaluation function for actor I is defined as:  
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Behaviour evaluation function 

 

Represents the strength of the effects of the functions on 

behaviour choices – beh distinguishes the effects and 

parameters for behaviour change from those signifying 

network change (Snijders et al., 2010) 

 

Represent functions depending on the behaviour of the 

focal actor i as well as the behaviour of i’s network 

partners and network position 
 (Snijders et al., 2010) 

 

Behaviour effects 

The behavioural dependent variable is denoted by z and the dependent network variable by 

x. Here the dependent variable is transformed to have an overall average value of 0. In other 

words z denotes the original input variable minus the overall mean.   

Effect Name (evaluation effects) Effect Formula 

Shape effect 
 

Quadratic shape effect 
 

Total similarity effect 

 

Main effect 
 

  

 

There are three ways to test   : a likelihood ratio test, Wald test, and score test. 

The score test was chosen for the time testing as implemented in the RSiena software (J. A. 

Lospinoso et al., 2011). This method is also the least computationally costly method using 

the method of moments estimation framework. SAOM parameters are already estimated 

conveniently using the RSiena software using scores and deviations collected period by 

period. Subsequently testing scores and deviations with the time dummy interacted effect 

parameters can take place at no additional computational costs (Schweinberger, 2012). 

Because SAOMs model network dynamics over time there is a potential for effects to be 

time heterogeneous. Assessing time heterogeneity is an integral step when estimating 

longitudinal data. Fortunately RSiena can implement score-type testing for time 

heterogeneity. Parameter time heterogeneity was tested for and model parameters that were 
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time heterogeneous were readjusted to account for the time heterogeneity (J. Lospinoso, 

2011; J. A. Lospinoso & Satchell, 2011; J. A. Lospinoso et al., 2011).  

It can be easier to understand time heterogeneity testing if the evaluation function gets 

reformulated as: 

   

 

Reformulation of evaluation function for 

testing of time heterogeneity 

m from wave m to wave m+1 in the panel 

data set 

 

parameters for the effects interacted with 

time dummies 

 

to test the problem of assessing time 

heterogeneity is the following: for all k, m 

 

for some k, m 

(J. A. Lospinoso et al., 2011) 
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           SAOM effect selection considerations  

The following is a model effect selection framework used in this thesis, as suggested by 

Snijders, van de Bunt and Steglich (2010). 

1. Since the distribution of model parameters follows a normal distribution they can 

also be tested with a t-ratio. The t-ratio is the parameter estimate divided by the 

standard error (Koskinen & Snijders, 2007).   

2. When selecting effects to include for modelling it is possible that one effect can 

interfere with another effect so modelling should start with effects likely to be strong. 

3. Model parsimony is important to prevent the model from degeneracy.  

4. Model estimation is an iterative algorithmic process with the end goal of algorithm 

convergence between the parameter estimates and the observed parameters (T. A. B. 

Snijders & Baerveldt, 2003). Because the models for this research are relatively 

simple the initial values were not pre-set but settled upon through the stochastic 

iterative process. Forward model effect selection works best with this method and 

the estimation and testing processes in SIENA facilitate this. 

5. Parameter estimates can become highly correlated. High levels of correlation among 

parameter estimates is not necessarily problematic since out-degree, for example, is 

usually correlated with structural parameters. There is often a trade-off with out-

degree effects but is not a necessity for dropping the effect from the model. 

6. Score-type tests can be used to test if specific effects should be included in the model 

(Schweinberger, 2012). It is a useful tool to choose the most applicable effects since 

estimating a large number of effects simultaneously can make the algorithm unstable 

(parsimony is preferred). Tests model the null hypothesis along with already included 

model parameters simultaneously against a model with the effects of interest. With 

the null hypothesis the parameters for the effects of interest are zero. The procedure 

provides a chi-squared null distribution and a standard normal test statistic for each 

parameter. If a parameter receives a significant test result it should then be considered 

for inclusion in the model for estimation with the other effects. 

7. Selection of the model should be directed by theory and evidence. Since convergence 

of the algorithm is a goal the structural portion of the model will be more reliant on 

testing than the covariate and behavioural portion of the model. 
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8. Out-degree and reciprocity effects should always be included in the model 

(implemented by default in the RSiena software). Generally some form of transitivity 

should also be included.  

9. Covariate effects can be chosen to act as control effects. If the control effects are 

non-significant they may be deleted from the model and then reintroduced as other 

structural effects are added to the model. Non-significant control effects can also be 

kept in the model despite being non-significant.  

10. Effects such as popularity or assortativity which are degree-based can be used in 

place of or in conjunction with control effects.  

11. Once three waves of data have been collected it is then possible to determine if the 

time changing variables are homogeneous or heterogeneous. Time heterogeneous 

variables lead to the statistics having a smooth trajectory between observation points. 

However, in many cases time heterogeneity may be a factor which should be 

controlled for in the model. Therefore a test function for time heterogeneity can be 

incorporated into the forward effect selection process and score-type testing (J. 

Lospinoso, 2011; J. A. Lospinoso et al., 2011). 

12. All network actors are subject to the change rules which are the same for all network 

actors. An exception is with outlying actors who have high in/out-degree scores. 

Therefore high or outlying in-degree and out-degree counted actors were checked 

before modelling. If outliers exist the preference was to determine if actor covariates 

could be explained by the existence of the outlier. If none could be found dummy 

variables were used to represent the outlying behaviours.  
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 SAOM summary of goodness of fit testing 

Goodness of fit (GOF) has been an integral part of inferential statistical modelling for more 

than a century (K. Pearson, 1900; Schweinberger, 2012). The normal goodness of fit testing 

typically consists of the Wald test, likelihood ratio, and Lagrange multiplier/Rao score test 

(Rao, 2005). With network modelling conventional tests are not available. There is no 

straightforward goodness of fit measure as for linear regression modelling (Koskinen & 

Snijders, 2007) especially since the models used in this research follow a method of moments 

type of estimation framework. 

Wald-type tests are based on the parameter estimates and their covariance matrix. A Wald 

test looks at how significantly different from zero the parameter is by dividing the parameter 

estimate by the approximate standard error of the estimate (Rao, 2005). Depending on 

whether the result is smaller than -1.96 or larger than 1.96, for example, the parameter can 

be considered significantly different from zero (and significant). A Wald test is a test of how 

many standard error units an estimate is away from zero (usually 2 standard error units). If 

the parameter estimate was zero, for instance, the estimate would have a distribution centred 

on zero with a standard deviation equal to the standard error. In other words on average if 

the estimation was run over and over again for many data sets the estimate would on average 

be zero. Rarely would the average be much larger or smaller (approximately 5% of the time) 

than twice the standard error away from zero. So, if the hypothesis is rejected that the 

parameter is equal to zero then the conventional way to describe this result would be to state 

that the parameter is significantly different from zero (Lusher et al., 2013). 

Score-testing uses the generalised Neyman-Rao score test implemented for the Method of 

Moments estimation in the RSiena software (Schweinberger, 2012). Model effects are 

specified so that one or more of the resulting parameters are confined to some constant value, 

usually zero. The constant values constitute a test of the null hypothesis. Score-type tests are 

the main tools (J. A. Lospinoso et al., 2011) for determining the fit of nested models 

compared to larger ones. Formally, the nested models are treated as a constraint of the larger 

model and the algorithm treats the parameters of the larger model as zero in order to create 

a hypothesis test scenario. The score-test of the constraint is calculated as an approximate 

chi-square distributed statistic with r degrees of freedom (r represents the parameters set to 

zero) (Schweinberger, 2012).  



 

186 
 

           SAOM control models (smoking and drinking) estimates 

Network Dynamics   SAOM Model 4 Basic Com Smo/Drink   SAOM Model 5 Com w/cov effects 

Structural Effects   PE(SE) OR(95%CI) tValue   PE(SE) OR(95%CI) tValue 

Rate (period 1)   6.58 (0.79)       6.20 (0.79)     

Rate (period 2)   5.84 (0.64)       5.57 (0.61)     

Out-degree (density)   -2.50 (0.29)d 0.08 (0.05, 0.14) -8.62   -2.75 (0.30)d 0.06 (0.04, 0.12) -9.17 

Reciprocity   2.47 (0.26)d 11.82 (7.10, 19.68) 9.50   2.37 (0.26)d 10.70 (6.43, 17.81) 9.12 

Transitive triplets   0.28 (0.06)d 1.32 (1.18, 1.49) 4.67   0.28 (0.06)d 1.32 (1.18, 1.49) 4.67 

3-cycles   -0.32 (0.11)c 0.73 (0.59, 0.90) -2.91   -0.26 (0.11)b 0.77 (0.62, 0.96) -2.36 

Ttransitive ties   0.85 (0.23)d 2.34 (1.49, 3.67) 3.70   0.77 (0.21)d 2.16 (1.43, 3.26) 3.67 

Distance 2   -0.15 (0.04)d 0.86 (0.80, 0.93) -3.75   -0.14 (0.05)c 0.87 (0.79, 0.96) -2.80 

Dyadcov   0.70 (0.38)a 2.01 (0.96, 4.24) 1.84   0.51 (0.38) 1.67 (0.79, 3.51) 1.34 

Dyadcov X Recip   -1.94 (0.61)c 0.14 (0.04, 0.48) -3.18   -1.75 (0.62)c 0.17 (0.05, 0.59) -2.82 

Covariate Effects                 

Sex alter           0.16 (0.16) 1.17 (0.86, 1.61) 1.00 

Sex ego           -0.30 (0.21) 0.74 (0.49, 1.12) -1.43 

Same sex           0.46 (0.15)c 1.58 (1.18, 2.13) 3.07 

Mao alter           0.10 (0.17) 1.11 (0.79, 1.54) 0.59 

Mao ego           0.19 (0.20) 1.21 (0.82, 1.79) 0.95 

Same Mao           -0.14 (0.14) 0.87 (0.66, 1.14) -1.00 

PI alter           0.28 (0.15)a 1.32 (0.99, 1.78) 1.87 

PI ego           0.07 (0.15) 1.07 (0.80, 1.44) 0.47 

Same PI           0.31 (0.13)b 1.36 (1.06, 1.76) 2.38 

Same Eur           -0.05 (0.13) 0.95 (0.74, 1.23) -0.38 

Behaviour Effects                 

Smoking alter   1.62 (0.84)a 5.05 (0.97, 26.22) 1.93   1.66 (0.77)b 5.26 (1.16, 23.79) 2.16 

Smoking sq alter   -0.64 (0.34)a 0.53 (0.27, 1.03) -1.88   -0.65 (0.31)b 0.52 (0.28, 0.96) -2.10 

Smoking ego   0.56 (0.33)a 1.75 (0.92, 3.34) 1.70   0.61 (0.36)a 1.84 (0.91, 3.73) 1.69 

Smoking similarity   1.96 (1.14)a 7.10 (0.76, 66.31) 1.72   2.11 (1.20)a 8.25 (0.79, 86.66) 1.76 

Drink alter   -0.80 (0.47)a 0.45 (0.18, 1.13) -1.70   -0.33 (0.44) 0.72 (0.30, 1.70) -0.75 

Drink squared alter   0.25 (0.22) 1.28 (0.83, 1.98) 1.14   0.06 (0.18) 1.06 (0.75, 1.51) 0.33 

Drink ego   -0.34 (0.23) 0.71 (0.45, 1.12) -1.48   -0.29 (0.25) 0.75 (0.46, 1.22) -1.16 

Drink similarity   -1.16 (0.76) 0.31 (0.07, 1.39) -1.53   -0.94 (0.80) 0.39 (0.08, 1.87) -1.18 

Behaviour Dynamics   SAOM Model 4 Basic Com Smo/Drink   SAOM Model 5 Com w/cov effects 

Structural Effects   PE(SE) OR(95%CI) tValue   PE(SE) OR(95%CI) tValue 

Rate (period 1)   1.02 (0.96)       0.76 (0.51)     

Rate (period 2)   1.27 (0.72)       1.40 (1.00)     

Linear shape   -3.22 (1.54)b 0.04 (0.00, 0.82) -2.09   -3.41 (1.95)a 0.03 (0.00, 1.51) -1.75 

Quadratic shape   1.02 (0.38)c   2.68   1.25 (0.70)a   1.79 

Total similarity   0.07 (0.74) 1.07 (0.25, 4.57) 0.09   0.49 (1.28) 1.63 (0.13, 20.06) 0.38 

Effect from Sex           -3.50 (2.73) 0.03 (0.00, 6.36) -1.28 

Effect from Mao           -0.90 (1.58) 0.41 (0.02, 9.00) -0.57 

Effect from PI           0.77 (1.65) 2.16 (0.09, 54.82) 0.47 

Effect from Eur           0.25 (1.25) 1.28 (0.11, 14.88) 0.20 

Drinking                 

Rate (period 1)   1.27 (0.55)       0.98 (0.45)     

rRate (period 2)   1.47 (0.50)       1.39 (0.44)     

Linear shape   -3.02 (0.79)d 0.05 (0.01, 0.23) -3.82   -5.13 (3.65) 0.01 (0.00, 7.57) -1.41 

Quadratic shape   0.95 (0.32)c   2.97   0.92 (0.65)   1.42 

Total similarity   -0.29 (0.47) 0.75 (0.30, 1.88) -0.62   -1.30 (1.52) 0.27 (0.01, 5.36) -0.86 

Effect from Sex           -3.63 (3.57) 0.03 (0.00, 29.00) -1.02 

Effect from Mao           0.31 (0.96) 1.36 (0.21, 8.95) 0.32 

Effect from PI           -1.49 (1.68) 0.23 (0.01, 6.07) -0.89 

Effect from Eur           1.22 (1.38) 3.39 (0.23, 50.64) 0.88 

Effect from Smoking   -0.47(0.58) 0.63(0.20,1.95) -0.81   -0.26 (0.84) 0.77 (0.15, 4.00) -0.31 

a p<0.1 =1.645, b p<0.05 = 1.96, c p<0.01 = 2.576, d p<0.001 = 3.291, All the t-ratios for convergence in this models are <0.1  
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 SAOM influence and selection tables 

 

  

Model 1 SAOM 
Smoking selection     
   vi/vj      [,1]            [,2]                [,3]                [,4]       
[1,] -0.1266993 0.5269999 -0.0475009 -1.8502017 
[2,] -0.1164993 1.2715999  0.6970991 -1.1056017 
[3,] -0.1062993 1.2817999  1.4416991 -0.3610017 
[4,] -0.0960993 1.2919999  1.4518991  0.3835983  
Smoking Influence         
 zi(totsim)/zi 
              [,1]               [,2]                 [,3]             [,4]             
[1,]  1.06158293 -1.978642 -2.518067 -0.55669147 
[2,]  0.56078293 -1.477842 -2.017267 -0.05589147 
[3,]  0.05998293 -1.978642 -1.516467  0.44490853 
[4,] -0.44081707 -2.479442 -2.017267  0.94570853  

Model 2 SAOM 
Drinking Selection 

               [,1]                     [,2]                [,3]           [,4] 
[1,] -0.06417394  0.1161343 -0.06535754 -0.6086493 

[2,] -0.24182394 -0.3158157 -0.49730754 -1.0405993 

[3,] -0.41947394 -0.4934657 -0.92925754 -1.4725493 

[4,] -0.59712394 -0.6711157 -1.10690754 -1.9044993 

Drinking Influence 

          [,1]           [,2]             [,3]            [,4] 
[1,] 0.8471319 -1.645439 -2.80901 -2.643581 

[2,] 1.3575319 -2.155839 -3.31941 -3.153981 

[3,] 1.8679319 -1.645439 -3.82981 -3.664381 

[4,] 2.3783319 -1.135039 -3.31941 -4.174781 

Model 2 SAOM 
Drinking Selection 

               [,1]                     [,2]                [,3]           [,4] 
[1,] -0.06417394  0.1161343 -0.06535754 -0.6086493 

[2,] -0.24182394 -0.3158157 -0.49730754 -1.0405993 

[3,] -0.41947394 -0.4934657 -0.92925754 -1.4725493 

[4,] -0.59712394 -0.6711157 -1.10690754 -1.9044993 

Drinking Influence 

          [,1]           [,2]             [,3]            [,4] 
[1,] 0.8471319 -1.645439 -2.80901 -2.643581 

[2,] 1.3575319 -2.155839 -3.31941 -3.153981 

[3,] 1.8679319 -1.645439 -3.82981 -3.664381 

[4,] 2.3783319 -1.135039 -3.31941 -4.174781 

Model 3 
Drink Influence for SexF 
          [,1]                    [,2]                [,3]      [,4] 
[1,] 0.9844213 -1.804066 -3.299753 -3.50264 
[2,] 1.4556213 -2.275266 -3.770953 -3.97384 
[3,] 1.9268213 -1.804066 -4.242153 -4.44504 
[4,] 2.3980213 -1.332866 -3.770953 -4.91624 
Drink Influence SexM 
          [,1]                   [,2]                [,3]            [,4] 
[1,] 0.4482451 -0.9964421 -1.148329 -0.007416534 
[2,] 0.9194451 -1.4676421 -1.619529 -0.478616534 
[3,] 1.3906451 -0.9964421 -2.090729 -0.949816534 
[4,] 1.8618451 -0.5252421 -1.619529 -1.421016534 
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           SAOM goodness of fit diagnostics 

Smoking Model 
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Drinking Model 1 
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Drinking Model 2  
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Descriptive graphs for each wave 
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           DOI mathematical specification of effects 

A list of the special effects for the diffusion model used in this thesis follows: 

Effect Name Effect Formula 

Susceptibility to average exposure by in-degree  

effect on rate of negative substance use cognition 

 

Total exposure effect on rate of negative substance 

use cognition 

 

Susceptibility to average exposure by covariate effect 

(e.g. sex effect) 

 

(Snijders et al., 2006; Greenan, 2012) 

 

As previously mentioned the same SAOM estimation procedures and algorithm were also 

used with the DOI model. 
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           DOI goodness of fit diagnostics 
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