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ABSTRACT 

This study examines social network effects in a community election, and actor attributes effects in 

fostering commitment to vote behaviour. 

Across Western societies political participation is in decline posing major challenges for democracy. 

Since 2000,, political advocacy has undergone a rapid transformation led by a disruptive wave of IT-

led innovation in infrastructure, predictive analytics, and online social networks. Political campaigns 

have harnessed these advances to target, influence, and mobilise partisan voters. 

Yet is political participation uniform across voters? Network interventions using online social networks 

and behavioural science are found to increase voter turnout, and reveal individual differences in 

political behaviour (Bakshy, Messing, & Adamic, 2015; Bond et al., 2012). In particular, extroverted 

individuals relative to other users may play an enhanced role (Messing, 2015). Our current picture of 

personality traits and political behaviour is largely offline. Few studies relate to online behaviour 

(Jordan, Pope, Wallis, & Iyer, 2015). Studies examine individual responses to general/targeted 

information against two-step flow communication models (Lazarsfeld, Berelson, & Gaudet, 1948). Yet 

opinion leaders and social networks still shape individual attitudes and behaviours (Contractor & 

DeChurch, 2014). How personality traits guide social interactions and social influence online during an 

election is unclear. 

In this research we examine the interaction of personality traits, internal political efficacy and human 

social motives to enact social influence during a community election. Our research model investigates 

whether personality traits drive commitment to vote behaviour by eliciting implementation intentions 

using an online vote plan. The attribute of gender, often ignored, is incorporated to determine 

influence processes operating within the network. 

Prior online political network analysis has relied on data collected from third-party platforms intended 

for other purposes. We overcome this limitation using a novel, mobile-first, social media app operating 

as a social network to better connect community members to political information, increase 

engagement, and improve transparency. The app enables unobtrusive data collection based on 

voluntary user interaction with online information. The app is supported by scalable graph-database 

architecture for behaviour tracking, real-time analytics, and increased granularity. 

All attribute-validated measurement instruments for personality traits, internal political efficacy, and 

commitment to vote are integrated into the app with only single responses recorded along with 

demographic information for each user. To understand how an individual’s attributes and their 
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relationships with others affect commitment to vote, we adopt an Autologistic actor attribute model 

(ALAAM), a social influence model for statistical analysis of observed network data. 

With political disengagement endemic across Western democracies, new interventions that mitigate, 

or turn around current trends, are highly valued. Beyond political network analysis, social network 

research opportunities in national and international economic, institutional, and community settings 

exist. By deepening our understanding of small world interactions we hope to respond to the collective 

challenge of restoring the link between the meaning and purpose of voting, and help reinvigorate 

democracy. 
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1 Introduction and Research Question 

New York, NY., 9th November 2016 – across the globe people watched in a state of shock live images 

of Republicans Donald Trump and Mike Pence declare victory in the 2016 United States presidential 

election. The Trump campaign narrative had invoked fears of economic decline, uncontrollable 

immigration, and weakening term of trade to secure an historic victory. His presidency has been 

characterised as the vanguard of a global populist revolt in an era of post-truth politics. What continues 

to cast a long shadow is what we have come to know as the Facebook-Cambridge Analytica data 

scandal. The political scandal includes revelations of alleged harvesting and use of personal data as 

part of Trump’s election victory. We will never know the full extent of its contribution. At a more 

fundamental level what lingers is uncertainty as to whether psychographic microtargeting 

(personality) affects voting behaviour? 

The study of personality and political behaviour has largely been offline. Few studies relate to online 

behaviour (Jordan et al., 2015). They typically evaluate individual responses to general and targeted 

information against two-step flow communication models pioneered by (Lazarsfeld et al., 1948). This 

contrasts with reality where opinion leaders and social networks still shape individual attitudes and 

behaviours (Contractor & DeChurch, 2014). How personality traits guide social interactions and social 

influence online is unclear. We are interested in studying how the structure and maintenance of local 

networks, combined with individual attributes including personality traits, political efficacy, and 

gender, influence voting behaviour. Specifically, whether efficacious extraverts and female pairs 

exhibit distinct voting patterns. We wish to understand whether a networked, bottom-up approach is 

conducive for making an online commitment to vote in elections. 

No man is an island entire of itself; every man is a piece 
of the continent, a part of the main; if a clod be washed 
away by the sea, Europe is the less, as well as if a 
promontory were, as well as any manner of thy friends or 
of thine own were; any man's death diminishes me, 
because I am involved in mankind. And therefore never 
send to know for whom the bell tolls; it tolls for thee. 
 
MEDITATION XVII 
Devotions upon Emergent Occasions 
John Donne, English Poet – 1624 
 
Never have we been so free. Never have we felt so 
powerless. 
In Search of Politics 
Zygmunt Bauman - 1999 
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1.1 Motivations 

Why bother, you ask? Aside from the 2020 presidential election cycle ramping up, there are five key 

motivations which we discuss in their own section as follows. The first and most fundamental 

motivation is the current state of democracy across the world. Second, we touch upon the importance 

of voting and that it still matters. The third and fourth motivations relate to contemporary and 

emerging models of voter engagement. Lastly, we describe the new paradigm of networked politics. 

 

1.1.1 Democracy in Flux 

Across the world there is a palpable sense that democracy is broken. Lauded as the predominant 

political system it has, historically, delivered robust and sizeable effects on economic growth and been 

instrumental in the survival and stability of societies. Since the 1970s a democratic disconnect has 

taken hold. As electoral polarization has intensified there have been pernicious consequences for 

democracy (McCoy, Rahman, & Somer, 2018). The daily headlines are awash with stories on the 

collapse of trust in social institutions, rising populism, and global inequality. Commentators are quick 

to attribute voter disenchantment with democracy to the failings of politicians. Unquestionably the 

political game amplifies such great dysfunction. The factors behind our current malaise however run 

much deeper. 

Democracy as a social operating system originated two centuries ago during an agrarian society with 

small, immobile populations where social norms regulated behaviour. With the onset of rapid 

industrialisation incremental system changes were designed to maximise efficiency at every turn. Post-

industrial societies are now characterised as dense, hyper-connected, mobile populations. The world 

in which we now live is a complexity rising society. Our social operating system has reached the upper 

limits of capacity and under tremendous strain to meet societal needs. The fixes needed remain elusive 

and we don’t know what to do about it. If our goal is to reaffirm the value of democracy then 

interventions need to be visible, to be anchored in their daily community life, and to strengthen the 

bonds that unite them. But what makes democracy work? The gold standard of a healthy democracy 

has been voting in elections. 
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1.1.2 Voting and Elections 

Voting is the quintessential indicator of a well-functioning democracy (Verba, Schlozman, & Brady, 

1995). Citizens perceive voting as the single most effective form of political participation to exert 

influence on political decision-making (Hooghe & Marien, 2014). Free and fair elections are considered 

by the majority of citizens as the absolute minimum requirement to qualify as a democracy (Hooghe 

& Stiers, 2016; Norris, 2014; Powell, 2000). Elections provide a crucial mechanism that links citizens 

and the political system. Electoral processes that are perceived to be fair are found to boost political 

trust and strengthen democratic legitimacy (Hooghe & Stiers, 2016). Elections as a democratic link, 

however, are frequently stressed as having lost most of their effectiveness (Hooghe & Stiers, 2016). 

Elections described as an increasingly empty shell, devoid of any serious contest of ideas (Crouch, 

2016). The weaker interest in the electoral process is also a consequence of structural change and class 

de-alignment over the last 50 years that has bolstered disenchantment with established political 

movements (Dassonneville, 2012; Diamond, 2017). The end of class and outmoded, linear, left/right 

ideological scale replaced by a fragmented landscape of political tribes (Anon, 2017c; Short, 2017). This 

is a reflection of a society and social structure that is changing fast (Hanna, 2017). Parties are simply 

unable to see themselves as direct and automatic representations of those publics (Crouch, 2011). 

Voter turnout across the globe has been declining since the early 1990s (Solijonov, 2016). 

The world view of election behaviour is grounded in the principle of methodological individualism, 

where subjective individual motivations explain social phenomena. The path-breaking national surveys 

centred on individual expressions of political behaviour have found a list of reliable, robust correlates 

of political participation (Campbell, 2013).  These are known as the “usual suspects” and include: 

education, religious attendance, political conviction, and sense of civic duty (Campbell, 2013). 

Individual or local demographics increasingly are proving to be poor predictors of change (Ruffini, 

2016). Another complementary yet lesser known theoretical and methodological perspective exists for 

explaining patterns of electoral behaviour by examining the social networks to which people belong 

(Eulau, 1980). A resurgence of research interest in the social dimension has accompanied the waves 

of digital innovation that have transformed political campaigns. Digital traces provide unprecedented, 

granular, and contextual insights for the study of voting. Presidential elections are ultra-competitive 

races that test the boundaries of practice in the quest for victory.  
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1.1.3 Current Voter Engagement Models 

Modern presidential campaigns are straightforward in their goals: to convince eligible voters to 

support their candidate, and make sure their supporters show up to vote (Therriault, 2016). They are 

the fastest startups in the world with a strong focus on efficiency and effectiveness in attracting and 

deploying scarce resources (McDonald, Thomas, & Owensby, 2015). They need to scale at the right 

time often makes the difference between winning or losing the election (McDonald et al., 2015).  Since 

2000,, political campaigns have harnessed advances in infrastructure, predictive analytics, and online 

social networks to transform voter targeting and field operations for presidential elections (Kreiss, 

2012). It has spawned next-generation capabilities that include social targeting, real-time analytics, 

and digital integration (Ruffini, 2013). 

How campaigns perceive individual voters is data-driven not human-centred. The Perceived Voter 

Model (Hersh, 2015) outlines how campaigns in the United States use public data (voter file and 

census) to design avatar-like voter contact strategies. Public records compared to commercial and 

social network data are considered superior for reliability and completeness (Hersh, 2015). State-wide 

differences in public datasets are significant and explain variations in campaign strategies (Hersh, 

2015). Campaigns have neither the time or resources to contact every voter (Kreiss, 2016). Instead use 

predictive modelling of individual voter’s attitude and behaviour, which offer efficiency gains over 

segment-based micro-targeting (Castleman, 2016). The output of a model is usually a score appended 

to the voter file, an estimated probability of supporting a candidate or turning out to vote (Castleman, 

2016). Campaign infrastructures are ‘fragile’ with data fragmented and lack the deeper contextual, 

complex, and unified view of the individual that would enable a truly relational form of personalised 

communication for voter persuasion and mobilisation (Kreiss, 2016). 

The political industry has a ‘big data, small content’ problem for voter engagement (Ruffini, 2016). 

Campaigns are ever more precise in targeting, but less rigorous in validating message effectiveness 

(Ruffini, 2016; Therriault, 2017). Huge data sets are less helpful in understanding the electorate than 

one or two key data points important to an undecided voter (Bershidsky, 2016).  Former Obama 

campaign manager Messina (2016) argues campaigns have entered the era of ‘little data’ with direct, 

highly personalised conversations with voters on- and offline. The preoccupation with getting voter 

data into usable forms and experimentation persisted in the 2016 election (Karpf, 2017a).  The 

Democrat post-mortem attributed the loss to an over-reliance on data, instead of framing a winning 

message with voters (Therriault, 2017). This analysis misrepresents the role of data: data is a tool for 

campaigns, not a strategy (Therriault, 2017). Further, the ‘winning message’ often determined ex-post 

not ex-ante as implied.  
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The fundamental weakness with the Perceived Voter Model is that harvesting big data based on local 

and individual demographics are poor predictors of voting behaviour (Grossman, 2016). The complex 

algorithms (“Ada”) used by Clinton’s data-driven campaign failed to detect or often too late important 

shifts at the community and state, that compounded in Rustbelt states (“the Blue Wall”) and unlocked 

victory for Trump (Brownstein, 2016; Kreiss, 2017; Wagner, 2016). As Grossman (2016) remarked, 

social networks and context effects amplify geographic polarization by shifting undecideds to the 

demographic profile of their communities. Munasib and Roy (2017) have shown that local socializing 

interactions do affect socio-political attitudes at the community level. The reality is the social lives of 

the majority of citizens are seldom oriented toward institutional politics (Kreiss, 2016). 

In contrast, the Trump team did not match their opponent’s decade long data-driven know-how to 

organize and influence voters (Sifry, 2016). The Trump campaign registered a different electorate, the 

complaints of disenfranchised voters whom no party had spoken to for several elections (Green & 

Issenberg, 2016b). Divisive campaigning has left supporters of losing candidates less and less satisfied 

with the integrity of the process following each election (Daniller, 2016). Partisanship and candidates 

riding roughshod over social norms that govern public discourse and the political system is a major 

concern (Turchin, 2016). Competitive campaigns themselves don’t alienate citizens, but conversely 

mitigate the effects of prior preferences that help promote the legitimacy of elections (Wolak, 2014). 

 

1.1.4 Emerging Voter Engagement Models: Psycho-informatics 

The Democratic Party investment in data-driven campaigns is now a mature platform (Therriault, 

2016). It is also the Party’s undoing - ignoring advances in cognitive linguistics and psychology on how 

telling emotional stories are the most effective way to communicate with other humans (Gold, 2017). 

The political brain is an emotional brain, reason and rationality play a limited role in political decision-

making (Westen, 2007). The goal of campaign appeals is to elicit an emotional response to activate, 

reinforce and create networks that associate positive emotions with your candidate or party and 

negative emotions for your opponents (Westen, 2007). Psychographic profiling and targeting defines 

the 2016 cycle (Levine, 2018). 

Psychographics measure psychological traits, such as personality, attitudes, interests, and lifestyle 

(Demby, 1994; Grassegger & Krogerus, 2017; Wells, 1975). They provide deep insights that 

complement those learned from objective demographic criteria, and used as a foundation for market 

research and marketing strategy (Samuel, 2016). Psychographics is the practical application of 

behavioural and social sciences and based on psychometric test theory encompassing statistical 
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instruments and procedures concerned with psychological measurement and the logic of 

measurement (Demby, 2011; Jones & Thissen, 2006; Kline, 2000). Psychometrics, or quantitative 

psychology, validates techniques against key criteria of reliability and validity (Merenski, 2015). 

Reliability is the consistent measurement of a construct over time; validity the measurement of a 

construct as intended (Raykov & Marcoulides, 2011). While reliability is required for any decision-

making task, a valid measure is more important (Merenski, 2015). The concept of reliability has 

expanded to become generalisability over a range of possible facets of test administration (Cronbach, 

Gleser, Nanda, & Rajaratnam, 1972). Until recently, obtaining psychographics has been harder than 

demographics, and making psychographic data actionable wasn’t obvious (Samuel, 2016). The Internet 

has changed the relative importance of demographics and psychographics in three ways: making 

psychographics actionable, elevating differences, and making it easier to access insights (Samuel, 

2016). 

The use of psychographics to determine the psychological profile of every voter and their susceptibility 

to a campaign’s message represents ‘little data’ to a pinpoint (Bershidsky, 2016). This capability was 

championed by the obscure consulting firm, Cambridge Analytica, initially with Republican Senator Ted 

Cruz and, on his withdrawl from the race by the Trump team, aided by Steve Bannon and reclusive 

billionaire Robert Mercer (Cadwalladr, 2017b; Kranish, 2016). The shift was driven by a need to catch-

up to the Clinton campaign, and a vow by the Republican Party to improve its methodology after the 

defeat of 2012. The capability was based on a revolutionary research breakthrough predicting private 

traits and attributes using digital records of human behaviour (Kosinski, Stillwell, & Graepel, 2013; 

Kranish, 2016).  The myPersonality application ran on Facebook from 2007 to 2012, It would become 

the largest dataset ever collected, combining psychometric scores with Facebook profiles, equipping 

the researchers to model content users ‘liked’ and predict their skin colour, sexual orientation, political 

affiliation, intelligence, religious affiliation, age, gender, and use of addictive substances (Kosinski et 

al., 2013). These computer-based personality judgments were determined to be more accurate than 

those made by humans (Youyou, Kosinski, & Stillwell, 2015). 

Grassegger and Krogerus (2017), Schwartz (2017), and (Cadwalladr, 2017a) chronicle how this 

measurement tool was reproduced and sold to an election-influencing firm, Strategic Communication 

Laboratories (SCL) Limited, the parent company of Cambridge Analytica . Cambridge Analytica publicly 

boasted that it profiled the personality of 220 million people in the United States of America, and 

amassed 5000 pieces of data on every adult (Kranish, 2016; Taggart, 2017). This involved harvesting 

user Facebook identities to match with other data layers licensed from globally active data brokers like 



22 

 

Acxiom and Experian (Davies, 2015; Grassegger & Krogerus, 2017; Green & Issenberg, 2016a; Levine, 

2016; Schwartz, 2017). 

Dehaye (2017a) reconstructed the Cambridge Analytica methodology using public sources to identify 

key demographic, psychographic, and personality constructs. Many are familiar, including voter 

registration, voting history, turnout probability, partisanship, ideology, issues, and the OCEAN 

instrument itself. The others are new, ranging from need for cognition, need for affect, locus of control, 

reciprocity, scarcity, authority, fear and social proof. Their application alerts us to the strategy 

executed by the Trump campaign targeting ‘low-information voters’, where they attracted 

unprecedented levels of support (Fording & Schram, 2016, 2017).These are voters with a poor 

command of basic facts about government, and lack what psychologists call a ‘need for cognition’ 

(Dehaye, 2017c; Fording & Schram, 2016). Low need for cognition is associated with little reward in 

the collection and evaluation of new information for problem solving, such voters instead rely on 

cognitive shortcuts, like experts and opinion leaders for cues (Fording & Schram, 2017). The campaign 

targeted informational and cognitive deficits regarding politics using misstatements, untruths, and lies 

about Mexican immigrants, Muslim refugees, African American citizens, and disdain for Obama to 

manipulate vulnerability to responses to emotional appeals that exploited their fears and anxieties 

related to these groups (Fording & Schram, 2016). The micro-targeting of low information voters by 

the Trump campaign was designed to keep Clinton supporters away from the ballot box by spreading 

confusion and deceit. 

Cambridge Analytica’s rise, and the spectre of Facebook-optimized propaganda, has triggered hot 

debate about the performance of their methodology among former campaign staff, and supporters, 

and dismissal by skeptics and researchers (Bershidsky, 2016; Confessore & Hakim, 2017; Dehaye, 

2017b; Karpf, 2017b; Kranish, 2016; Taggart, 2017). This includes problems of voter suppression 

practices, misrepresentations of big data gathering and analysis, acquisition of voter data, 

computational architecture requirements, creative personnel for message/audience targeting, and 

misuse of information. The underlying science of psychometrics is not disputed but there is no 

evidence it has solved the practical challenges of applying psychometrics to voter behaviour (Condliffe, 

2017; Karpf, 2017b; Poole, 2008). The likelihood their methodology delivered Trump a decisive edge 

is remote but such techniques are likely to become more effective in future (Bershidsky, 2016; 

Schwartz, 2017). The use of election data used has been the subject of multiple inquiries by Cambridge 

University, Facebook, and the UK Information Commissioners Office raising important questions on 

misuse of data, ethical lapses, adequacy of electoral laws, and the future of democracy (Cadwalladr, 

2017a; Doward, Cadwalladr, & Gibbs, 2017; Schwartz, 2017; Taggart, 2017). 
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The convergence of data mining, algorithmic and granular analytics capabilities are creating powerful 

intelligence platforms like Facebook and Cambridge Analytica (Doward et al., 2017). Beyond 

information sharing, it is the thinking and feeling this information reveals which conservatives and 

liberals are scrambling to harness by developing their own personality profiling capabilities 

(Confessore & Hakim, 2017). The ability to study human behaviour on great scale and granularity is 

simultaneously the new horizon at the interface of the psychological and computing sciences, an 

emergent research discipline called psychoinformatics (Markowetz, Błaszkiewicz, Montag, Switala, & 

Schlaepfer, 2014; Yarkoni, 2012). The move towards psychoinformatics involves the cooperation 

between the disciplines of psychology and computer sciences to handle large data sets derived mainly 

from everyday interaction with ubiquitous mobile devices and online social networks to shed light on 

personality traits, aptitudes, cognitive functions, and behaviour (Montag, Duke, & Markowetz, 2016). 

It adds a new and interesting layer to neuroscientific psychological work that ultimately, will form a 

part of a potential computational rationality unifying theory of intelligence in minds, brains, and 

machines (Gershman, Horvitz, & Tenenbaum, 2015; Montag et al., 2016). 

 

1.1.5 Networked Voter Engagement: The Future 

Campaigns are hyper-transactional; short term, zero-sum affairs driven by temporary vehicles of 

people assembled every 2 to 4 years to secure electoral victory (Kreiss, 2016; Sifry, 2016). They are 

inflated vehicles optimised to get results at the margins gathering votes using partially realised tools 

that go largely abandoned after the election (Sifry, 2016). The Trump and Bernie Sanders campaigns 

have highlighted that being a name in a file isn’t enough and parties need to invest in sustainable 

structures to foster enduring change (Bond & Exley, 2016; Sifry, 2016).  Campaign innovations are not 

always large, visible, centralised or controlled. To understand the Trump victory and the future that 

awaits the intersection of online social networks and psychoinformatics provide powerful clues. 

Campaigns use of social networks and social pressure have increased voter turnout and revealed 

important differences in online political behaviour (Bakshy & Messing, 2015; Bond et al., 2012). Given 

voting as a social norm is learned through family and friends, it has opened new discussions on how to 

access social networks for normalising such behaviour (Huckfeldt & Sprague, 1995; Knight, 2015).  

For the most part, campaign interest in online social networks was less in the 2016 cycle. This contrasts 

with 2012 where major parties, Democrats with myBO and Republicans with MyMitt, attempted 

unsuccessfully to build their own online social networks (Sifry, 2011b). Neither side has been able to 

master the collection and integration of rich social data into their voter models (Sifry, 2011a, 2016). 
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Despite the technical setback, Democrats were more adaptive leveraging application programming 

interfaces (APIs) to introduce behavioural science into new campaign applications in 2012. The use of 

Facebook to positively influence voting behaviour with the “I Voted” nudge towards Obama 

represented a major turning point in campaigns (Bond et al., 2012; Sifry, 2014). Such was the impact 

of what was the most sophisticated social targeting effort of voter outreach, Facebook in the spring of 

2014 rolled out changes to its graph application interface (API) preventing campaigns from ever doing 

so again (Ward, 2014). For political and commercial reasons Facebook recognised early the 

competitive value of reaching voters via their friends, boosting voter intent, and its ability to sway an 

election, all for a price (Pasick, 2017; Ward, 2014). Fast forward to present-day, the fact is clear now, 

social networking has changed our political system both positively and perversely (Robb, 2017).  

Online social networks are shaping three distinct political networks: insurgency, orthodoxy, and 

participatory (Robb, 2017). The Trump campaign used an open-source insurgency, a loose network 

(meshed) of individuals and small groups working independently that were united by a single purpose, 

innovative, and interactive (Robb, 2017). The insurgency followed decentralised organising model, and 

were not determined by an external factor, but around the information infrastructure itself (Montes 

de Oca, 2017). This mode of organising enabled the network to experiment rapidly with new ideas, 

some attaining memetic critical mass, rewarded with attention and amplification by the leadership 

regardless of its origins. The intention here is not to explore the “fake news” phenomenon nor 

expoitation of online platforms like Facebook and Twitter (Menczer, 2016). Instead to highlight we are 

on the verge of a new era of network governance. We envision harnessing the participatory form of 

online social networking which combines the fluidity of ‘insurgency’ and solidarity of ‘orthodoxy’ 

(Robb, 2017). This system of network governance, while still young, is compatible with constitutional 

democracy where online social networking works for us instead of against us (Robb, 2017). 

 

1.1.6 Summary of Motivations 

The increasing complexity of modern society raises fundamental challenges to the western tradition 

of democracy as the social operating system for governance (Zolo, 1992). Voting as the primary 

indicator of a well functioning democracy has been in decline for several decades. Current approaches 

for voter engagement are unable to accurately predict voting behaviour using local and individual 

demographics. The emergence of psychographic techniques enabled by online tools, offers deeper 

insights that complement existing demographic criteria, with the ability to identify individual 

differences and make them actionable. However, the application and effectiveness of psychometrics 

to voter behaviour remains unanswered. Lastly, the use of online social networks and evolution in 
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political networks portend to the arrival of a new era of network governance. The intersection of these 

multi-faceted challenges motivates us to invest in new approaches for understanding political 

behaviour in the digital age. 

 

1.2 Significance of the Research 

The 2016 presidential cycle illustrated that regional communities across the USA have different 

psychological profiles which played a role in predicting voting behaviour (Khazan, 2019; Obschonka et 

al., 2018). Our ability to detect and measure regional differences in personality have eluded us to date. 

This research provides a new roadmap to capture and observe local network structures, individual 

personality traits and other attributes, and understand how behaviour change occurs in such 

communities. 

The study of community is not just about one type of place or bond, rather the study of variation in 

context, communication, and technology (Hampton, 2016). This variation in community structure 

affords different outcomes with dependencies on individual traits, available technology and skills, 

technology externalities, and the environment (DiMaggio, Hargittai, Celeste, & Shafer, 2004; Markus, 

1987; Sampson, 2012). Large-scale social change has always been associated with technology 

(Hampton, 2016). Digital technologies are viewed as extending this change, notably the increased 

transparency of information pressuring organisations to evolve (Dennett & Roy, 2015; Gavet, 2017). 

However, they have not fundamentally altered community structure (Hampton, 2016). Instead, the 

new generation of technologies such as social media offer affordances of persistent contact and 

pervasive awareness (Hampton, 2016). They create relational structures that are a hybrid of 

preindustrial and urban-industrial forms that break the mobility narrative of “bond-free living” and 

disposable gratification perpetuated through late modernity (Bauman, 2000; Giddens, 1991). Social 

network sites afford persistence by allowing people to articulate associations to people and 

institutions and maintain contact (Boyd & Ellison, 2007). Pervasive awareness is an affordance of 

ambient interaction with digital technologies, person-to-network communication typified by short, 

asynchronous exchanges of text or photos (Itō, Okabe, & Matsuda, 2005; Licoppe, 2004; Ling, 2008). 

The shifts to a hybrid community structure has far-reaching implications for social processes on how 

we feel about ourselves, view and interact with others, and engage with society (Hampton, 2016). 

Social structures are, however, not integrated and decoupled from new digital feedback technologies 

that would allow them to be dynamic and responsive (Pentland, 2012). 
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1.3 Literature Review and Research Question 

Given our interests, we undertook an interdisciplinary review of relevant literature to motivate our 

research. The review strategy focused on personality psychology and social networks as foundation 

disciplines. We then traced their application into the field of political sciences. A full discussion of the 

literature review follows in Chapter 2. 

In brief, personality psychology provides an integrated framework to understand the whole person 

(McAdams & Pals, 2006). It measures personality traits, a complete structure for studying 

psychological individual differences. These dispositional, or core traits, are found to shape or predict a 

range of important life outcomes: health, wealth, happiness, and mortality (Benet-Martínez et al., 

2015; Geddes, 2015; Vedhara et al., 2015). There are also important neural processes that underlie 

individual differences (Benet-Martínez et al., 2015). The personality traits field is considered robust 

and replicable, albeit ‘boring’. The rise of psychoinformatics, harnessing digital trace data, is 

transforming psychological studies of human behaviour at scale (Markowetz et al., 2014). 

Social networks are distinctive, being individually constructed to include relationships with or among 

family, friends, confidantes or acquaintances (Selden & Goodie, 2018). Social networks homogeneity 

is regularly observed in everyday group life (Lewis, Gonzalez, & Kaufman, 2012). Two mechanisms are 

commonly cited as shaping personal social networks: social selection or homophily, and social 

influence (Lewis et al., 2012). Social selection is the tendency to befriend similar others. Whereas, 

social influence is the tendency to adopt preferences and behaviours of others and become similar 

over time. Social networks are increasingly found to have psychological foundations. These similarities 

shape people’s social logics, by way of the information the receive, perceive, interpret, and how they 

respond to the world around them. 

Personality traits and social networks have been applied in the political sciences. In terms of theoretical 

and empirical work that incorporates individual differences and social forces perspectives of political 

behaviour examples are limited. This reflects the historical dominance of the Michigan School 

anchored in methodological individualism. As network science sweeps across the academy, along with 

new capabilities to capture psychographic data enabled by the Internet, this is transforming our 

understanding of social phenomena like political network behaviour. 

Suffice to say, the literature is silent on a range of matters where personality traits, social networks, 

and political science intersect. With the migration of daily life online, this is evidently even more acute. 

We identified eight (8) distinct and overlapping gaps in the literature. These are summarised below: 
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• Personality traits has predominantly been developed using laboratory experiments. It needs 

to increase its relevancy to, and application in, real-world settings for understanding human 

behaviour; 

• Psychological studies need to use digital devices for understanding human behaviour at scale; 

• How individual differences relate to social selection and social influence as a research topic 

has been neglected by network theorists; 

• Current threshold-based complex contagion models have reached the limit of prediction; 

• There is a need to understand social influence at the local level; either as an individual 

property/attribute, or a property of network dynamics; 

• Individual differences in political behaviour should be studied with direct measures of 

mobilisation, and any effects from relational and digital contexts; 

• Political networks have never taken gender seriously, and need to reconceptualise digitally 

networked political behaviour; and 

• Overt need for independent platform architecture to study political behaviour 

These gaps are used to frame our research question, that embeds meaning and structure into a 

network model of political action (Moody, 2017). In addition to our motivations and identified gaps, 

when we examine the 2016 elecorate based on validated voters, we observe large differences in voter 

preferences by gender (Anon, 2018b). In particular, we recognise that women have different social 

logics than men, and also reported to have higher levels of extraversion which together with 

agreeableness shape interpersonal interactions (Djupe, Mcclurg, & Sokhey, 2018; Weisberg, DeYoung, 

& Hirsh, 2011). This further narrows our focus for understanding potential mechanisms that are 

operating to influence voting behaviour. The research question we propose for study is “do personality 

traits drive online commitment to vote in social networks”. 

 

1.4 Research Methods: An Overview 

The observation of election behaviour in real world settings has favoured survey-based approaches 

that generate small samples. In contrast, experiments that involve digital traces use ‘found’ data or 

involve partnering with social media platforms. The ground-breaking study by Bond et al. (2012) 

illustrates the full potential of research at scale. There has been longstanding criticism of the problems 

caused by social media platforms’ stranglehold on data pertaining to democracy, access for analysis of 

electoral campaigns on Facebook is restricted or turned off (Howard, 2016; Margetts, 2017). A new 

initiative between the Social Science Research Council and Facebook seeks to examine the impact of 
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social media and digital technologies on democracy and elections in an independent, transparent, and 

ethical way (Anon, 2018e). This will appeal to many researchers accustomed to preparing proposals as 

part of competitive processes. We decided instead to get our own data by building our own digital 

research tool to facilitate data gathering. Throughout the remainder of the thesis this research tool 

will be referred to as our ‘digital product’. This approach delivers the benefits of positive feedback 

loops: research leads to a better digital product, which leads to more users, which leads to even more 

research (Salganik, 2018). It bypasses the core challenge associated with the partnership route, which 

is finding a way to balance the interests of both parties (Salganik, 2018). Digital product control enables 

direct impact on the real-world relational context being created, network interventions implemented, 

and designed data collected. 

 

1.5 Research Strategy 

The interdisciplinary literature review (see Chapter 2) helped us identify several gaps in our 

understanding of political behaviour. These gaps were used to frame our research question and related 

hypotheses for testing. To help answer our research question we designed a single, integrated research 

model that is explained later in full in Chapter 3. The research model is segmented into two parts, A 

and B. 

Part A examines individual attributes of personality traits, internal political efficacy, gender and their 

relationship with commitment to vote. Part B incorporates the attributes from Part A but is interested 

in how fixed-network connections influence commitment to vote. We test seven hypotheses as part 

of our research model, summarised below in Table 1-1. The specific motivations and argument for 

their basis in the literature are covered later in the thesis, in chapters 2 and 3. 

 

No Hypothesis Motivations & Argument 

Part A 

H1 Highly extraverted individuals are more likely to commit to 
vote 

See sections: 2.4.2, 3.4.1 

H2A Individuals with high internal political efficacy are more likely 
to commit to vote 

See sections: 3.2.2, 3.4.2 

H2B Individuals with combined high levels of extraversion and 
internal political efficacy are more likely to commit to vote 

See sections: 2.5, 3.4.3 
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H3A Female actors are more likely to commit to vote See sections: 2.4.3, 2.5, 
3.4.4 

Part B 

H3B Female only pairs are more likely to commit to vote See sections: 3.4.5 

H4A An actor is more likely to commit to vote if their network 
partner commits to vote 

See sections: 3.4.6 

H4B An actor is more likely to commit to vote if they have 
extraverted network partners 

See sections: 3.4.7 

Table 1-1: Research Hypotheses 

We opted to build our own digital product or in other words created a native digital product which 

performs as a social network platform. The digital product development process and supporting 

technical architecture are explained in detail in Appendix 2. 

Second, to measure social influence in social networks we use the Autologistic Actor Attribute Model 

(ALAAM). This is a cross-sectional network model that takes an observed network typology as fixed 

and allows us to understand how individual behaviour may be constrained by position and by 

behaviour of other actors in the network (Daraganova & Robins, 2013) (Daraganova and Robins, 

2013). Social networks are important to understand as social processes like information diffusion, 

exercise of influence, and spread of disease may be triggered by our network connections 

(Daraganova and Robins, 2013). There are few models available for assessing the association 

between individual outcomes and network structure. The ALAAM model has been rarely used in the 

study of election behaviour and considered to be ideally suited for this research project. 

 

1.5.1 Research Contributions 

Our study found support for three (H2A, H2B, and H4A) of the seven hypotheses. By support, we mean 

the positive results generated from the statistical validity tests carried out using the ALAAM model. 

This thesis makes the following seven contributions to research in personality, social networks and 

political science. The contributions are summarised as follows. 

Claim 1 

Extraversion has no direct relationship to commitment to vote. The personality trait purpose of 

extraversion is oriented towards sociability. Highly extraverted individuals’ preference opportunities 

for social stimulation and engagement with others. Further, the trait-goal relationship offers another 

way to understand which traits are enacted for goal attainment. The personality state of extraversion 
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is oriented towards fun, good times, and social connectedness. This means it is divergent from the 

purpose of goal attainment. 

Claim 2 

We successfully link internal political efficacy and commitment to vote. The research replicates prior 

research based on implementation intentions in the psychological field. Our research extends and 

contextualises commitment to vote (a plan to vote) for the digital, mobile space. We believe this is the 

first occasion these psychological constructs have been measured using mobile embedded, validated 

instruments in an online social network context. 

Claim 3 

We establish a link between extraversion, internal political efficacy, and commitment to vote. Further, 

extend this link effectively to a direct measure of mobilisation (digital commitment to vote), which the 

literature argues is superior. The mobile app appears to activate the dopaminergic reward system 

which extraversion is strongly linked to for cognitive exploration. When the dopamine reward system 

is activated extraversion is known to predict internal political efficacy. Extraversion and internal 

political efficacy combined predict commitment to vote. 

Claim 4 

The digital commitment to vote is socially contagious. Downstream investment in pre-commitment 

strategies (commitment-to-vote) have the potential to trigger turnout cascades based on social 

conformity. 

Claim 5 

We were unable to find support for gender differences in commitment to vote. The small sample 

indicates this aspect of the research is yet to be fully tested. However, given our statistical parameter 

estimate was positive for female gender-pairs as a matter of conjecture we believe the study of gender 

differences in social influence for online political behaviour holds much promise for future research. 

Claim 6 

The relationship between extraversion/other traits and susceptibility to social influence (eg. 

commitment to vote) is null. Extraversion effects were fixed to explore the model. The absence of 

statistically significant results for extraversion concur with scarce literature. This is an exciting frontier 

for the domain with an opportunity for network perspective to examine trait-trait interactions and 

spatiotemporal factors of social influence. 
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Claim 7 

For the first time known, we claim a methodological advancement in the use of a novel, digital 

product that manifests as a mobile-first platform for the study of online political networks. We 

believe our small-scale, digital platform study effectively demonstrates the benefits of observing 

context dependent behaviour, scalability, and design for impact. The decision to build your own 

digital platform is a high-risk, high reward strategy. In short, it is hard. However, we believe this 

pathway offers greater independence and control for researchers in building a better society. 

 

1.6 Organisation of the Thesis 

The remainder of the thesis is organised as follows: 

Chapter 2: Literature Review 

We precede our investigation with a review and synthesis of divergent literatures on personality and 

social networks, and their application to political science. Notably, we highlight the shift from theory 

driven, small-scale data analysis to large, computationally intensive studies. This is reflected in changes 

to research practice from field experiments to online environments, and new emphasis on 

interdependent versus independent factors. The chapter outcome is we identify eight (8) gaps in the 

literature, as listed in section 1.3 and with an expanded discussion in section 2.5. To address these 

gaps and advance understanding we conclude the chapter with our research question “Do personality 

traits drive online commitment to vote in social networks?”. 

Chapter 3: Research Model 

Within the context of shaping human cooperation we put forward our research model, or network 

social intervention, that examines the interaction of personality traits, internal political efficacy and 

human social motives to enact social influence during a community election. Our research model 

investigates whether personality traits drive commitment to vote behaviour by eliciting 

implementation intentions using an online vote plan. The actor attribute of gender, often ignored, is 

incorporated to determine influence processes operating within the network. 

Chapter 4: Network Social Intervention 

This chapter outlines the design of our network social intervention. The intervention operationalises 

our research model to explain social network effects in a community election and actor attributes 

effects in fostering commitment to vote behaviour. Network social interventions are a synthesis of 

network interventions and social interventions. The chapter details our approach to implementation, 
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data collection, and analysis of network data to make inferences about social influence and related 

effects in our network.  The discussion is structured in four parts: 1) data collection method, 2) data 

collection procedure, 3) construct operationalization and 4) statistical model. In relation to our 

network social intervention, we specifically apply the ERGM social influence class, auto logistic actor 

attribute model (ALAAM) to examine social influence and related effects in promoting online 

commitment to vote behaviour (Daraganova & Robins, 2013). 

Chapter 5: Analysis and Results 

This chapter provides the analysis and results for the real-world data collected against our research 

model. We first outline the pre-specification of how the research analysis will be performed in advance 

of the collection and examination of cross-sectional observational data. It explains the data collected, 

statistical model specifications, and results. Following implementation our findings show several 

statistically significant effects in determining commitment to vote. There are structural network effects 

in the form of contagion. Also, internal political efficacy reaches level of statistical significance in 

predicting commitment to vote. The combination of extraversion and internal political efficacy are 

found to be statistically significant predictors of making a commitment to vote. 

Chapter 6: Discussion 

In this chapter we discuss our core argument on the central role played by the personality trait of 

extraversion combined with internal political efficacy in driving online commitment to vote in social 

networks. We first establish that extraversion has no relationship in making a commitment to vote. 

This is explained by the trait purpose and divergence from goal attainment. We replicate prior research 

on the relationship between self-efficacy and implementation intentions. This is extended and 

contextualised for political behaviour in the digital space. When extraversion and internal political 

efficacy are combined, we demonstrate how they predict commitment to vote. The direct link with a 

digital campaign mobilisation tool is considered as superior to prior research. We did not find gender 

to reach any level of significance. There are several limitations identified covering real world 

representation, survey accuracy, statistical analysis, and generalisability. 

Chapter 7: Conclusion 

The final chapter provides a recap of the research contributions; some reflections on how these 

contributions are situated in the current landscape, an outline of a future research program, and lastly 

offers closing remarks as a call to action. 
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Appendix A: Primer on Political Causality and Networked Experiments 

We provide a primer appendix covering existing approaches to causality in political science. Also, 

further background material on the burgeoning field of networked experiments. Both domains are 

integral to the research undertaken.  

Appendix B: Digital Product Development 

The second appendix is devoted to the digital product development process and technical 

artchitecture. Prior online political network analysis has relied on data collected from third-party 

platforms. Such platforms were originally intended for other purposes. We overcome this limitation 

using a novel, mobile-first, social media app operating as a social network to better connect 

community members to political information, increase engagement, and improve transparency. The 

app enables unobtrusive data collection based on voluntary user interaction with online information. 

The app is supported by scalable graph-database architecture for behaviour tracking, real-time 

analytics, and increased granularity. 
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2 Background Literature 

 

Chapter Outline: This chapter contains an interdisciplinary review of relevant literature from 

personality psychology, social networks, and political sciences to motivate the research. We first 

recognise the enduring gulf in theoretical perspectives between social and physical scientists, 

described by Snow (1959) as the “two cultures of the scientific revolution”. Second, we embrace calls 

for greater cooperation, knowledge integration, and leveraging computational techniques to deepen 

understanding of human behaviour in a complex world (Hidalgo, C. A., 2015; Lazer et al., 2009). 

We use a network lens to define key concepts and formulate our research question on what drives 

political behaviour in online social networks (Van De Wijngaert, Bouwman, & Contractor, 2014). By 

this we mean, to enable design of a network representation of our conceptual causal model we need 

to draw together disconnected and parallel literatures through the prism of the digital revolution. This 

pervasive trend is transforming how we observe behaviour, design experiments, and form 

collaborations. We discuss key concepts from personality psychology and social networks and their 

digital evolution. Then explore how these key concepts in conventional and digital formats are 

translated and applied in political science contexts. We conclude our literature review with a 

statement on the gaps in knowledge and single-phrase research question.  
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2.1 Introduction 

What defines and influences political behaviour? This fundamental question has driven many political 

behaviour theorists in the quest to quantify and explain a person’s attitudes, ideology, and levels of 

participation in democratic processes. Present theories of political behaviour are deeply anchored in 

rational choice theory and methodological individualism. The dominant paradigm interprets people as 

rational agents biased towards utility maximisation. Breakthroughs in personality psychology, 

evolutionary psychology, political neuroscience, and social networks provide alternative models for 

understanding political behaviour (Dunbar, 1992; Fowler, 2006; Jost, Nam, Amodio, & Van Bavel, 2014; 

Lazer, Rubineau, Chetkovich, Katz, & Neblo, 2010; Westen, 2007). Political behaviour does not occur 

solely at the individual level nor in isolation. Democracy and political participation are also habitual 

(Aldrich, Montgomery, & Wood, 2011; Dewey, 1939; Fowler, 2006). To preserve a future for 

democracy these habits or dispositions must be practised; in short, they need a culture to sustain it 

(Putnam, 1993; Rogers, 2018). 

There has been a growing chorus that the norms and unwritten rules that underpin democracy are in 

crisis. The tumultuous presidential election of 2016 is widely touted as a flash point for democracy 

(Omidyar, 2018; Parliament, 2019; Waterson, 2018). The significance of the presidential election is 

two-fold: how the political campaign was executed, and the social forces it surfaced. The claims by 

Cambridge Analytica of mass manipulation using psychographic profiling and big data erupted in public 

outrage and raised a myriad of issues concerning legitimacy, political targeting, foreign interference, 

and data ethics. The United States is a deeply divided nation, fault lines demarcated between urban 

elites and rural voters. The social forces that bring about societal disintegration build up slowly, over 

“Two polar groups: at one pole we have the literary 

intellectuals, at the other scientists, and as the most 

representative, the physical scientists. Between the two a 

gulf of mutual incomprehension” 

- C P Snow, 1959 

“The foundation of political economy and, in general, of every 

social science, is evidently psychology.  A day may come when 

we shall be able to deduce the laws of social science from the 

principles of psychology” 

—Vilfredo Pareto, 1906 
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many decades (Turchin, 2017). Did psychographic techniques activate neural processes and amplify 

ingrained tribal instincts? The true extent and impact of this organisation may never be learned. What 

is certain is that presidential races will continue to be ultra-competitive, along with the pivotal role 

technology plays in realising political goals. It is vital we retain public confidence in democratic 

processes. To ensure good governance and assuage open anxieties about our freedom in the era of 

Big Data and computational politics, there is an onus to address public interest issues by better 

understanding whether psychographic attributes shape political behaviours during elections (Han, 

2017; Sauter, 2017; Tufekci, 2014b). This is obviously challenging without access to political campaign 

digital records. However, retroactive election signals that were misread and appear only during times 

of change offer clues on the way forward. 

The razor-thin losses by Clinton in the Great Lakes were unanticipated and came as a shock to both 

parties. The results indicated that demographics are no longer destiny (Donovan, 2016). The Blue Wall, 

18 states (plus the District of Columbia) with 242 Electoral Colleges had voted Democratic in each 

election since 1992 (Ladd, 2014, 2016). By dislodging Pennsylvania, Michigan, and Wisconsin from this 

grouping it paved the road for a Trump victory (Brownstein, 2016). These Rustbelt states represented 

a strong clustering of white, non-college educated, working-class voters (Griffin, Teixeira, & Halpin, 

2017). Decimated by trade deals, loss of their manufacturing base, and rising heroin addiction, they 

shifted away from the Democrats (Griffin et al., 2017; Ladd, 2016; Lang & Damore, 2016). County level 

presidential vote changes from 2012 to 2016 visualised by (Wood, 2016) record this shift. Neither local 

demographics or individual demographics alone were good predictors for this change (Ruffini, 2016). 

Grossman (2016) argues that social network and context effects amplify geographic polarization by 

shifting undecideds toward the demographic profile of their communities. A sense of community is 

found to exert positive and significant effects on internal and external political efficacy, personal and 

political trust, and contributes to voting behaviour (Anderson, 2009, 2010). The origin and diffusion 

patterns of political behaviour in these communities however is unclear. 

Decades of research examines how to organise and influence voters (Gerber & Green, 2017; Sifry, 

2016; Visser, 1994). Socio-political explanations of voter behaviour are theory driven, individual-

centric, and based on small samples. Data-driven political campaigns embed and extend these research 

designs to target, mobilise, and persuade voters. The results delivered so far at the margins. The 

incorporation of personality traits to explain political behaviour represents an exciting new research 

frontier. Yet this research direction mainly augments current models of political behaviour.  We need 

to move beyond individual-level explanations and examine more closely the role of social forces and 

interactions on political behaviour (Anderson, 2010). To do so we must contend with divergent 
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scientific cultures and parallel literatures (Snow, 1959). Physical scientists who study how networks 

form, behave dynamically, and identify the hard constraints that govern systems are considered as 

ideal collaborators to isolate the subtle causal mechanisms that drive political behaviour (Adar, 2015; 

Campbell, 2013; Hidalgo, C. A., 2015). With the growth of network science and digital revolution they 

are already involved in key initiatives to tackle complex societal challenges like climate change 

(Cacioppo, 2007; Lazer et al., 2009; Moss et al., 2010; Salganik, 2018). 

In seeking to understand political behaviour as the intersection of psychologically grounded, 

purposeful action of actors situated in familiar social networks that are active in digital environments 

we differentiate ourselves from prior research. In embarking on an interdisciplinary journey, we are 

combining several literatures from personality psychology, social networks, and political science. To 

define key concepts and frame our research question we adapt the network method by Van De 

Wijngaert et al. (2014) for our literature review. The personality psychology and social networks 

literatures form a background for understanding human behaviour, importantly through the prism of 

whole people hard wired to connect that exhibit differences in the groups they form, communication, 

and spatio-temporal behaviour patterns. We discuss each domain in terms of key concepts, future 

directions, and digital transformation. We then explore how key concepts are translated into political 

science. An expanded synopsis for each section follows. 

Personality is the epicentre of psychology where all the other subdisciplines (cognitive, developmental, 

biological, and social) come together (Benet-Martínez et al., 2015). The mission of personality 

psychology is to provide an integrated framework for understanding the whole person (McAdams & 

Pals, 2006). It does this by focusing on individual differences. The traits perspective on personality is a 

complete description of what psychologists consider as psychological individual differences (DeYoung, 

C. G., 2015a). The Five Factor Model (Big Five) is accepted as the definitive model of personality 

structure. We describe the model’s five domains of personality: Openness, Conscientiousness, 

Extraversion, Agreeableness, and Neuroticism. Personality is also linked to the processing of social 

stimuli, particularly rewards. Personality neuroscience studies reveal associations between traits and 

volume of different brain regions and the role of dopamine. For the field to flourish it must move 

beyond the laboratory environment and outline how personality processes play out in people’s 

everyday lives (Benet-Martínez et al., 2015). We highlight the emerging field of psycho-informatics to 

demonstrate how online studies are transforming psychology research. 

Network science is a multidisciplinary field that helps explain the whole again (Barabási, 2011; 

Vespignani, 2018). The field’s impact has been felt from science to industry, and provides a new way 

to handle complexity (Barabási, 2011). Network models conceptualise structure as lasting patterns of 
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relations among actors (Wasserman & Faust, 1994). We focus on social networks which differ from 

other types of networks, technological and biological networks, in important ways (Newman & Park, 

2003). Network theory in social sciences has yielded significant explanations of social phenomena, 

from individual creativity, corporate profitability, to the changing social fabric of cities (Borgatti, 

Mehra, Brass, & Labianca, 2009). We discuss the antecedents of friendship network formation and 

social influence and contagion. The psychological foundations of friendship development, network 

size, diversity, and location are described. Social media and mobile phones are transforming network 

studies with an ability to infer network structure and personality traits and how we observe human 

behaviour. 

How are meaning and structure captured in network models of political action? In this final section we 

explore the transition in political science from small-scale field experiments to population-level 

network interventions. We discuss personality psychology as a foundation for political behaviour, 

primarily with a focus on the individual. The burgeoning field of political networks with an emphasis 

on social networks is moving our understanding of political behaviour beyond the characteristics of 

the individual. While the two perspectives have been in tension they are complementary as individual 

factors all have a social dimension (Campbell, 2013). Given the disruptive role of social media in 

shaping online political behaviour requires us to reframe how networks can help political science. 

Moody (2017) identifies the key problems of peer recruitment and polarization as offering areas for 

impact.  The recruitment process involves peers influencing each other to participate in politically 

related activities (Moody, 2017). We highlight political network interventions that leverage social 

media and personality psychology to influence, mobilise and increase election turnout. 

We conclude with a statement on the gap in knowledge. By synthesising different literatures, we seek 

to ground network science methodologies in social science theories. Accordingly, design a research 

question that seeks to answer how personality traits drive political behaviour in online social networks.   
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2.2 Personality Psychology 

This section introduces the foundational discipline of personality psychology. Personality psychology 

has a clear mission, “to provide an integrated framework to understand the whole person” (McAdams 

& Pals, 2006). As Allport (1937) noted personality is something and does something. Personality 

psychology examines aspects of the person that predict his or her behaviour (Allport, 1937). 

Personality attributes shape our world and predict a range of important life outcomes: health, wealth, 

happiness, and mortality (Benet-Martínez et al., 2015; Geddes, 2015; Vedhara et al., 2015). 

Personality’s predictive power is comparable to socioeconomic status and cognitive ability (Roberts, 

Kuncel, Shiner, Caspi, & Goldberg, 2007). Personality traits correlate with social attention to others, 

propensity to trust friends, U.S states, and regional voting behaviour (Elleman, Condon, Russin, & 

Revelle, 2018; Freitag & Bauer, 2016; Obschonka et al., 2018; Wu, Bischof, Anderson, Jakobsen, & 

Kingstone, 2014). 

Genetics and environmental factors shape personality; for the latter cultural influences are among the 

most important (Benet-Martínez & Oishi, 2008; Church, 2010; Obschonka et al., 2017). Culture is 

defined as a knowledge network that is both procedural (learned responses to social cues) and 

declarative (representations of people, events, and norms) and is produced, distributed among a 

collection of interconnected people (Chiu & Hong, 2007). Cultural information is transmitted, retained, 

and modified in social networks. Interactions between individuals and mutual recognition they share 

psychological reactions to given cultural information may be grounded as an aspect of their shared 

reality (Kashima, Bratanova, & Peters, 2018). Cultural information does not have a deterministic 

influence on individuals’ behaviour, rather its influence is probabilistic (Allport, 1961; Benet-Martínez 

& Oishi, 2008). Variation of within-culture heterogeneity and individual differences is observed on how 

much people endorse, internalise, and utilise particular rules or norms (Oishi, 2004). 

Below we describe how personality psychology measures personality traits, the neuroscience of 

individual differences and processing of social stimuli, and the emergence of psycho-informatics for 

conducting psychology research at scale. 

 

2.2.1 Personality Traits  

Personality has been conceptualised from various theoretical perspectives (John, Naumann, & Soto, 

2008). After many decades of research, a consensus emerged on a general taxonomy of personality, 

the “Big Five” personality dimensions (John & Srivastava, 1999). Psychologists refer to these traits as 

dispositional, or core traits. This label differentiates the Big Five from other aspects of individuals’ 
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personalities such as their characteristic adaptations (values, attitudes, interests), self-concepts (self-

esteem, identity), and objective biography (careers, background) (Costa & MacCrae, 1992; McAdams 

& Pals, 2006). 

Personality traits research is based on four assumptions of human nature: a) they exist and are 

measureable, b) vary across individuals, c) the causes of human behavior are rooted within the 

individual (e.g., personality traits affect individual behavior), and d) people “can understand 

themselves and others” (Costa & MacCrae, 1992). The fourth assumption forms the basis for the 

identification of the Big Five trait domains through extensive lexical analysis. By people understanding 

themselves and others an important historical function of language has been to provide a way for 

people to describe enduring differences between individuals (Allport & Odbert, 1936; John et al., 

2008). Thus, over time, languages have come to include words that facilitate identifying the most 

salient and enduring individual-level differences in what people are like. 

The Big Five traits are: extraversion, agreeableness, conscientiousness, emotional stability (also 

described as neuroticism), and openness-to-experience. John and Srivastava (1999) describe each of 

the five factors: 

Extraversion implies an energetic approach to the social and material world and includes traits such as 

sociability, activity, assertiveness, and positive emotionality. Agreeableness contrasts a prosocial and 

communal orientation toward others with antagonism, and includes traits such as altruism, 

tendermindedness, trust, and modesty. Conscientiousness describes socially prescribed impulse control 

that facilitates task- and goal-directed behavior, such as thinking before acting, delaying gratification, 

following norms and rules, and planning, organising, and prioritising tasks. Emotional Stability 

describes even-temperedness and] contrasts… with negative emotionality, such as feeling anxious, 

nervous, sad, and tense . . . Openness to Experience (versus closed-mindedness) describes the breadth, 

depth, originality, and complexity of an individual’s mental and experiential life. (p. 121) 

The Big Five framework is a hierarchical model of personality traits with five broad factors, which 

represent personality at the broadest level of abstraction. Each bipolar dimension (eg. Extraversion vs 

Introversion) summarises several more specific facets (eg. sociability), which, in turn subsume a larger 

number of even more specific traits (eg. talkative, outgoing). The Big Five Framework suggests that 

most individual differences in human personality can be classified into five broad, empirically derived 

domains (Gosling, Rentfrow, & Swann Jr, 2003). 
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2.2.2 The Neuroscience of Individual Differences 

The Big Five dimensions are descriptive rather than explanatory constructs thereby limited in theory 

of the underlying forces that produce the five dimensions of individual differences in personality 

(DeYoung et al., 2010). Research at the interface of molecular genetics and personality is building 

important conceptual models on neural processes that may underlie individual differences (Benet-

Martínez et al., 2015). Personality neuroscience (the systematic study of individual differences in 

personality using neuroscience methods) support a biologically based, explanatory model of the Big 

Five. Extraversion covaried with volume of medial orbitofrontal cortex, a brain region involved in 

processing reward information. Neuroticism covaried with volume of brain regions associated with 

threat, punishment, and negative affect. Agreeableness covaried with volume in regions that process 

information about the intentions and mental states of other individuals. Conscientiousness covaried 

with volume in lateral prefrontal cortex, a region involved in planning and the voluntary control of 

behaviour (DeYoung et al., 2010). 

Research suggests that the dorsal striatum brain region mediates important aspects of decision-

making, particularly those related to encoding specific action-outcome associations in goal-directed 

action and the selection of actions filtered by their currently expected rewards value (Balleine, 

Delgado, & Hikosaka, 2007). Schultheiss and Schiepe-Tiska (2013) and Schultheiss et al. (2008) focus 

on the implicit motive “need for power” (ie. the tendency to experience power over others as 

rewarding), which they theorise may have a basis in dopamine-driven learning processes centred on 

the dorsal striatum (Smillie & Wacker, 2014). DeYoung (2013) proposes that the dopamine system 

plays an over-arching function to promote exploration. He divides this into cognitive exploration 

(driven by salience-coding dopamine neurons and linked with trait domains such an 

openness/intellect) and behavioural exploration (driven by value-coding dopamine neurons and linked 

with trait domains such as extraversion) (DeYoung, 2013). Extraversion reflects individual differences 

in brain systems governing reward sensitivity, with evidence using monetary rewards (DeYoung, 

Hawes, Civai, & Rustichini, 2014). 

For social stimuli Ashton, Lee, and Paunonen (2002) suggest that the fundamental features of 

extraversion is the tendency to engage and enjoy social attention, not the tendency to be sensitive to 

rewards. That is, Extraversion represents a behavioural strategy for holding social attention through 

enthusiastic and energetic social behaviour, such a high level of Extraversion represents a high-

intensity strategy of gaining social attention. Other things being equal, extraverts tend to win the 

competition for social attention over introverts and are thereby more likely to attract the most 

desirable allies, friends, and mates. The study by Fishman, Ng, and Bellugi (2011) main findings is that 
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variation on the Extraversion dimension is strongly associated with the extent to which social stimuli 

evoke enhanced allocation of attention. 

 

2.2.3 Psycho-informatics: Innovative Tools and Technologies for Studying Personality 

Online services and ubiquitous smartphones are transforming psychological studies of human 

behaviour at scale (Dance, 2015; Markowetz et al., 2014). The combination of computer science and 

psychology has birthed an emerging research discipline called psycho-informatics (Montag et al., 

2016). The use of the Internet for research is forecast to become commonplace: allowing for precise 

estimates of parameters, rapid idea validation, improved control of variables, greater network 

accuracy of construct validity, experience sampling method studies with large populations, and the 

ability to recruit large populations of even rare individuals (Benet-Martínez et al., 2015). The Internet 

offers three primary benefits for personality psychology research. First, improved efficiency for 

delivering traditional self-and informant report measures to participants (Johnson, 2010; Vazire, 2010); 

Second, to study phenomena in real-world contexts previously inaccessible. Third, to examine new 

social phenomena unique to the Internet but generate insights into personality processes (Benet-

Martínez et al., 2015). 

The growing portion offline and online human activities leave digital trace data (Salganik, 2018). This 

big social data offers unprecedented insights into population wide patterns and characteristics of 

individuals (Lambiotte & Kosinski, 2014; Simonite, 2012). This has been used to classify and accurately 

predict a range of user attributes: personality, political views, religious affiliation, ethnicity, gender, 

age, sexual orientation, social network structure, language (Kosinski et al., 2013; Ortigosa, Carro, & 

Quiroga, 2014; Schwartz et al., 2013). Youyou et al. (2015) found that computer-based personality 

judgments are more accurate than those made by humans.  State-of-the-art computational personality 

recognition methods on various social media platforms is growing in application and significance 

(Farnadi, Sitaraman, & Cock, 2016; Vinciarelli & Mohammadi, 2014). Predicting a user’s personality 

profile can be applied to personalise content, optimise search results, and improve online advertising 

(Kosinski, Bachrach, Kohli, Stillwell, & Graepel, 2014). Users’ online personalities parallel their offline 

personalities (Gosling, Augustine, Vazire, Holtzman, & Gaddis, 2011).  

Smartphones are also exciting avenue for studying personality. Chittaranjan, Blom, and Gatica-Perez 

(2013) found that automatically extracted behavioral characteristics from smartphone usage data 

correlates with individual differences in personality measured via a traditional self-report inventory 

(TIPI). The total number of outgoing calls was found to predict Extraversion (Montag et al., 2014). This 
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reflects extraverts’ preference for socialization with their social networks in form of telephone calls. 

Users’ smartphone operating system reflects differences in sociodemographic composition than 

differences in personality, which were small to negligible in effect size (Götz, Stieger, & Reips, 2017). 

Benet-Martínez et al. (2015) argue that for personality psychology to flourish in coming decades, it 

must study individual differences and personality processes by embedding itself in real-every-day 

world contexts. We argue given the impact of technology on relationships, digital interventions are 

fundamental to advancing our understanding of human behaviour (Parigi & State, 2014). 

 

2.2.4 Summary 

 Personality traits are the foundation for understanding human behaviour: peoples’ preferences, 

attitudes, and how they respond to situations around them. While these dispositional traits are 

grounded in a rich and extensive literature that is measureable, robust, and replicable the field needs 

to demonstrate greater relevancy in real world contexts. With everyday life increasingly shifting online, 

personality psychology must adapt to understand whether there are differences in human behaviour 

in this new context. The emergence of psychoinformatics which involves the use of smartphones for 

the study of personality processes heralds an opportunity to bypass historical obstacles and redefine 

the significance and impact of the field. Research studies that follows this strategy are few, which we 

attribute to technical barriers to entry and availability of platform partnership opportunities. This 

dually acts to limit theoretical and methodological contributions. How personality traits relate to 

human social networks is the focus of the next section. 

 

2.3 Social Networks 

This section provides the second foundational discipline of social networks. Network science has 

undergone tremendous growth over the last 20 years (Barabási, 2011; Borgatti & Halgin, 2011). It has 

progressively eroded historical reductionist deconstructionism perspectives of complex systems and 

helps us to see the whole again (Barabási, 2011). Network theory is fast becoming an indispensable 

platform for science, business, and security to harness network effects in our hyper-connected world 

(Barabási, 2011; Parker, Van Alstyne, & Choudary, 2016). There are various types of networks from 

technological to biological, our focus is on social networks which differ in two important ways. First, 

they have non-trivial clustering or network transitivity and second, show positive correlations, also 

called assortative mixing, between the degrees of adjacent vertices (Newman & Park, 2003). The small 
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world effect and six-degrees of separation have been verified on a global scale (Travers & Milgram, 

1967; Ugander, Karrer, Backstrom, & Marlow, 2011; Watts, D. J. & Strogatz, S. H., 1998). 

Social networks homogeneity is regularly observed in everyday group life (Lewis et al., 2012). Two 

mechanisms are commonly cited as explanations. First, social selection and homophily, the tendency 

for similar people to befriend each other (Lewis et al., 2012). Second, social influence and diffusion, 

the tendency for characteristics and behaviours to spread between friends and become similar over 

time (Centola, 2010; Rogers Everett, 2003). Social networks also have psychological foundations 

(Kadushin, 2012; Kalish & Robins, 2006; Robins & Kashima, 2008; Selden & Goodie, 2018). Online social 

networks and smartphones offer a new lens to observe social behaviour, and attempt to better 

understand the effects of selection, influence, and psychology. We describe these effects in the 

following sections. Lastly, highlight that the viral spread of information in online networks suffers from 

limits to prediction of behaviour change. 

 

2.3.1 Social Selection (Network Structure) 

Social networks are distinctive. They are distinguished from social contexts in that they are individually 

constructed, whereas contexts typically are structurally imposed (Santoro & Beck, 2017). Personal 

social networks (or socioemotional) or ‘expressive’ networks (Fang et al., 2015) can include 

relationships with or among family (kin), friends, confidantes or acquaintances (Selden & Goodie, 

2018). 

There are various factors that shape formation of personal social networks. Foremost, similarity breeds 

connection, known as the principle of homophily (Fu, Nowak, Christakis, & Fowler, 2012; McPherson, 

Smith-Lovin, & Cook, 2001). This principle structures personal networks homogenously according to 

sociodemographic, behavioural, intrapersonal, spatial, and neural characteristics (McPherson et al., 

2001; Parkinson, Kleinbaum, & Wheatley, 2018). These similarities limit people’s social worlds in 

powerful ways from the information they receive, perceive, interpret, and respond to the world. Local 

networks run the world.  

In personal networks, these connections form inclusive friendship layers of 5, 15, 50, 150, 500, 1500 

described as the social brain hypothesis (Dunbar, 2009). Evolutionary accounts of friendship explain 

its roots in exchange and reciprocity (Barkow, Cosmides, & Tooby, 1995). The brain’s neocortex region 

imposes evolutionary cognitive and temporal constraints on social network size that reflect the cost of 

servicing coherent face-to-face relationships at 150, also known as Dunbar’s number. Younger 

individuals have most of their friends within a small age range while older individuals have a much 
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wider range (Ugander et al., 2011). Expectations of friendship change over time; the quantity of 

friendships one has in their 20s predicts later-life satisfaction, whereas when they reach their 30s, 

friendship quality becomes more important for future wellbeing (Carmichael, Reis, & Duberstein, 

2015). Moving from inner to outer layers results in a decline of emotional intimacy, trust, social 

attention, and physical distance. The balance of attention is devoted to an inner circle of close friends 

of equal importance to men and women, and is a relatively stable property over time (Backstrom, 

Boldi, Rosa, Ugander, & Vigna, 2012; Cable, Bartley, Chandola, & Sacker, 2013). Friendship closeness 

is associated with time spent together (Hall, J. A., 2018). The structure of online social networks is 

found to mirror the offline world (Dunbar, Arnaboldi, Conti, & Passarella, 2015; Dunbar, 2016). 

Similarly, friendship network structure can be accurately inferred using observational data from mobile 

phones (Eagle, Pentland, & Lazer, 2009). 

In personal networks, the connection between friends is referred to as a tie (or edge). These 

friendships are classified as either strong ties or weak ties, which play different roles. In the influential 

sociological theory of networks “The Strength of Weak Ties” by Granovetter (1973) weak ties largely 

spread information through society than strong ties. Weak ties are more likely to act as bridges to 

socially distant network cliques, unlocking novel information and resources (Aral, 2016a). Those with 

access to novel control are better brokers, make better decisions, and innovate more effectively, by 

leveraging such information to solve problems beyond local knowledge (Aral, 2016a). The empirical 

evidence over time has amassed in support and against the theoretical arguments for strength of weak 

ties (Aral, 2016a). A more modern weak-tie theory is emerging based on digital trace data that 

incorporates and extends work by Granovetter (1973), Coleman (1988), and Burt (1992) which relied 

mainly on survey and interview data (Aral, 2012). 

Personality traits affect the ways individuals maintain their personal networks (Centellegher, López, 

Saramäki, & Lepri, 2017). This is related to both perceptions of the network itself (Casciaro, 1998; 

Clifton, 2014; Clifton & Kuper, 2011) as well as the network structure (Kalish, 2008; Kalish & Robins, 

2006; Selfhout et al., 2010). People strive for structural balance in real-world personal networks to 

avoid psychological dissonance-like outcomes (Cartwright & Harary, 1956; Easley & Kleinberg, 2010). 

For example, looking at any two people in the network the tie can be labelled either positive or 

negative, friend or enemy respectively (Cartwright & Harary, 1956). If we extend this to sets of three 

people (triangles), the presence of one or three positive ties, are considered socially and 

psychologically balanced (Easley & Kleinberg, 2010). Alternative configurations are deemed sources of 

instability. People with strong network closure and weak structural holes (where structural holes refer 

to the absence of ties in the network) tend to be more extraverted and less individualistic (Kalish & 
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Robins, 2006). Personality traits that are prosocial in orientation, such as extraversion and openness 

to experience may accelerate tie formation in social networks (Staiano et al., 2012; Wehrli, 2008). In a 

university student social network, personality based homophily was found to be a predictor of new 

friendships based on similar levels of extraversion, agreeableness, and openness to experience (Noë, 

Whitaker, Chorley, & Pollet, 2016; Selfhout et al., 2010). 

Extraversion correlates with larger social network size (Casciaro, 1998; Montag et al., 2014; Pollet, 

Roberts, & Dunbar, 2015), contrasted by smaller networks for conscientiousness and emotional 

stability (Mondak, Hibbing, Canache, Seligson, & Anderson, 2010). This is attributed to extraverts’ 

positive affectivity (Demır & Weitekamp, 2007) and abilities in initiating and maintaining social contact 

(Selden & Goodie, 2018). Neuroticism does not correlate with social network size or composition 

(Alessandretti, Sapiezynski, Sekara, Lehmann, & Baronchelli, 2018; Roberts, Wilson, Fedurek, & 

Dunbar, 2008; Selden & Goodie, 2018). Openness to experience correlates with social network 

turnover, diversity, and marginally related to position when groups pursue collective goals 

(Centellegher et al., 2017; Selden & Goodie, 2018). The Big Five traits associated with friendship due 

to their content and socially relevant outcomes are extraversion, agreeableness, and neuroticism 

(Harris & Vazire, 2016). 

Gender differences in personality at the Big Five level exist with women reporting higher extraversion, 

agreeableness, and neuroticism scores than men (Feingold, 1994; Lehmann, Denissen, Allemand, & 

Penke, 2013; Vianello, Schnabel, Sriram, & Nosek, 2013). Weisberg et al. (2011) argues the differences 

are small to moderate with distributions for men and women largely overlapping. Del Giudice, Booth, 

and Irwing (2012) rejected the finding based on inadequate methodology and found in a higher 

resolution study large, robust global gender differences in personality that correspond to only a 10% 

overlap between the male and female distributions. From an evolutionary perspective this supports 

strong gender differentiated patterns of emotion, thought, and behaviour described as “two human 

natures” (Davies & Shackelford, 2008; Del Giudice et al., 2012). 

Age differences in personality manifests as mean levels of neuroticism and extraversion being 

negatively associated with age, in contrast to agreeableness and conscientiousness which is positively 

associated, and openness to experience a curvilinear association that is highest in midlife Lehmann et 

al. (2013). People of different ages live in more or less small worlds with the number of friends (also 

referred to as alters) reaching a maximum at an age around 25 (Bhattacharya, Ghosh, Monsivais, 

Dunbar, & Kaski, 2016; Dong, Lizardo, & Chawla, 2016). Men tend to be more connected earlier in life, 

however experience a faster decrease in the number of  friends with a crossover around at age 39, 
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where females become more connected (Bhattacharya et al., 2016). Age alone is a weak contributor 

to triad formation or stability (Wang, Lizardo, & Hachen, 2014). 

Network theorists historically have been uninterested in psychologically foundations, however a surge 

of studies merging the traditional structural approaches of social analysis with the individual 

differences’ literature has spurred new lines of enquiry. This is providing new insights on the roles of 

human agency and network structure in creating and sustaining human interaction and their social 

environments, particularly in the digital age where more research is needed (Kadushin, 2012; Selden 

& Goodie, 2018). 

 

2.3.2 Social Influence and Contagion 

Social influence is a fundamental force in society that drives the formation and propagation of 

opinions, attitudes, social norms, and psychological states (Alshamsi, Pianesi, Lepri, Pentland, & 

Rahwan, 2015; Granovetter, 1973; Watts, D. & Strogatz, S., 1998). Granovetter (1973) argued the 

strength of dyadic ties is central to the diffusion of influence and information, mobility opportunity, 

and community organisation. Online social networks enable people to spread information and social 

signals with numerous peers. They provide us with an unprecedented ability to quantify the causal 

mechanisms of these mediums on the diffusion of information and identification of who influences 

whom (Aral, Muchnik, Sundararajan, & Jackson, 2009; Bakshy, Hofman, Mason, & Watts, 2011; Bakshy, 

Rosenn, Marlow, & Adamic, 2012; Kempe, Kleinberg, & Tardos, 2003). Identifying social influence in 

networks however remains a challenge (Aral, 2011; Aral & Walker, 2012; Bakshy et al., 2012). 

The study of information diffusion may be classified into two categories: characteristics and dynamics 

(Guille, Hacid, Favre, & Zighed, 2013; Jiang, Chen, & Liu, 2013). While each category differs in the 

mathematical models used, both seek to link the micro and macro level of sociological theory.  

The characteristics approach to information diffusion has been applied to marketing and new product 

adoption. Large-scale social networks are examined to identify and extract influential nodes, important 

links and hubs, and to design neighbour selection strategies for maximisation of information diffusion 

(Jiang et al., 2013). Aral and Walker (2012) applied these characteristics to estimate peer effects and 

how social media technologies magnify influence (and social contagion) in product demand. They used 

randomised controlled experiments to overcome a range of biases and confounding factors including 

simultaneity, unobserved heterogeneity, homophily, time varying factors, and other contextual and 

correlated effects (Aral, 2011). They argue contagion may be explained by homophily rather than peer 

influence (Aral et al., 2009). If our friendship circles are based on similarity, then design of future 
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network interventions should be based on population segmentation across individuals’ characteristics 

such as age, gender, and ethnicity (Bakshy et al., 2011). 

The relationship between product adoption and peer exposure ranges from perfect correlation to 

complete independence Taylor, Bakshy, and Aral (2013). Passive sharing applications automatically 

broadcast users’ behaviours to their peers (Aral & Walker, 2011). This increases total peer exposure, 

but active sharing is correlated with more user engagement and sustained product use (Aral & Walker, 

2012). According to (Taylor et al., 2013) this is explained by either selection of influential adopters 

(Keller & Berry, 2003; Weimann, 1994) and/or susceptible peers, or by selection of higher quality 

products. Younger users are more susceptible to influence than older users, men are more influential 

than women, women influence men more than they influence other women, and married individuals 

are the least susceptible to influence in the decision to adopt the product offered (Aral & Walker, 

2012). Analysis of influence and susceptibility together with network structure reveal that influential 

individuals are less susceptible to influence than noninfluential individuals, and that they cluster in a 

network while susceptible individuals do not, which suggests that influential people with influential 

friends may be instrumental in the spread of product adoption in the network (Aral & Walker, 2012). 

The effectiveness of network seeding strategies, contrary to conventional wisdom, is overestimated 

cautions Aral, Muchnik, and Sundararajan (2013). Such strategies entail targeting influential adopters 

to maximise the diffusion of information or behaviours. Traditional models of social influence 

maximisation ignore assortativity and the joint distribution of influence and susceptibility, leading to 

underestimation of influence propagation by 21.7% on average for a fixed seed set size (Aral & Dhillon, 

2018). In contrast, selection of optimal nodes under empirical influence models is based on 

substantially lower degrees and higher Burt’s constraints (or ego network density) compared to 

heuristic baseline models (Aral & Dhillon, 2018). The superior performance of empirical influence 

models is enhanced by specifying the correct functional forms of heterogeneity and assortativity for 

more realistic, practical and optimal seed selection (Aral & Dhillon, 2018). These empirical models of 

non-uniform joint distribution of influence and susceptibility by Aral and Dhillon (2018) indicates that 

social influence is an edge property rather than a node (or individual-specific) property. They 

recommend investigating more realistic influence model specifications with context-specific empirical 

evidence on assortativity and the joint distribution of influence and susceptibility in the specific 

networks for which influence is being maximized. 

The second category for studying information diffusion is dynamics. This involves the statistical 

mechanics of the dynamic diffusion process. The effects of network structure on users’ behaviour is 

examined using experimental approaches to determine the speed and range of information diffusion, 
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along with modelling the global influence of a node on the rate of information diffusion (Jiang et al., 

2013). Online information diffusion is faster amongst friends than with strangers (Bakshy, Karrer, & 

Adamic, 2009). This accords with an individual’s balance of social attention across their personal 

networks (Backstrom et al., 2012; Hodas & Lerman, 2012). Cohesive, dense local networks (with more 

ties among their friends, or strong ties) magnify information exchange, persuasion, or adoption of 

behavioural patterns via redundancy and trust (Coleman, 1958). The heterogeneities in social tie 

strengths are relevant for the strength of influence of people have on each other (Centola & Macy, 

2007; Granovetter, 1973; Unicomb, Iñiguez, & Karsai, 2018). Information content that diffuses through 

social influence (or strong ties) tends to be individually more influential but have a more limited 

audience (Bakshy et al., 2009). Overestimates of influence are magnified at early stage of the diffusion 

process by failing to account for homophily (Aral et al., 2009). Contentious and complex contagions 

are found to benefit from clustered, homophilous networks that can foster social change without being 

overwhelmed by countervailing influences (Centola, 2011; State & Adamic, 2015). Abundant weak ties 

are argued to play a more dominant role in the propagation of novel information (Bakshy et al., 2012). 

There is a consensus that the structure (Ugander et al., 2011) and aggregate effect of social networks 

on information spread (Bakshy et al., 2012) has been quantified. Future work should investigate 

individual properties (e.g. age, gender, nationality) or content features (e.g. popularity, breadth of 

appeal), and their relationship to influence and confounds (Bakshy et al., 2012). 

Psychological Mechanisms 

Alshamsi et al. (2015) found that social influence has two opposing effects on states: adaptation effects 

that go beyond mere contagion, and complementarity effects whereby individuals’ behaviors tend to 

complement the behaviours of others. They lay the foundation for richer models of social dynamics 

that extend from the idea of contagion to the broader term of social influence that manifests itself 

through other more complex interpersonal psychological mechanisms (like mimicry/adaptation, and 

complementarity) (Alshamsi et al., 2015; Aral & Nicolaides, 2017; Luceri, Vancheri, Braun, & Giordano, 

2017). Since the original model of collective action by Granovetter (1973, 1978) , political processes 

have been an enduring topic of interest for threshold-based contagion models (Guilbeault, Becker, & 

Centola, 2018). 

 

2.3.3 Beyond Viral: Limits to Prediction 

The ubiquity of the Internet, its affordances, and behavioural data have delivered new insights 

previously unavailable. Current models can predict the online diffusion of ideas and news, yet still are 
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unable to predict behaviour change from the same campaign (Cebrian, Rahwan, & Pentland, 2016) . 

Martin, Hofman, Sharma, Anderson, and Watts (2016) argues even our best performing models can 

explain less than half of the variance in information cascade sizes. This suggests that even with 

unlimited data, predictive performance would be bounded well below deterministic accuracy (Martin 

et al., 2016).  These circumstances are not due to lack of expertise, instead a failure to consider the 

underlying incentive structures embedded in a hidden network of interpersonal motivations that 

catalyse collective decision-making and action (Cebrian et al., 2016). These incentive networks are a 

significant intermediary layer that help explain macro-level and micro-level concepts. Social media is 

often upheld as ideal for understanding incentive networks. Yet their business models seek to 

maximise information propagation and virality at the expense of engagement and consensus building 

(Cebrian et al., 2016). 

Effective social mobilisation entails both information diffusion and action recruitment incentives 

(Rogers, Goldstein, & Fox, 2018). Observable viral processes while fascinating perpetuate a false 

narrative of underlying causes. They are more concerned with incentives underlying message 

spreading and bias towards ease of network measurability (within social networks such as ‘likes’ and 

‘re-tweets’ (Cebrian et al., 2016). They neglect key latent processes such as the ideological, cultural, 

and economic incentives of actors and the time, effort, and risk involved in recruitment in support of 

related causes (Cebrian et al., 2016). To design the next generation of social media we must move 

beyond observable viral processes and incorporate the multitude of psychological and cultural motives 

to truly understand social phenomena as original posited by Smith (1759) in the Theory of Moral 

Sentiments (Cebrian et al., 2016). 

 

2.3.4 Summary 

The social networks literature is vast and deep in how it helps us better understand social phenomena. 

How the structure and aggregate effects of social networks shape information spread has been 

realised. This has involved researchers relying on large online networks to test complex, threshold-

based contagion models. Despite the availability of unlimited big data, these models suffer from limits 

to prediction, and are unable to detect social influence effects at the local level. This is significant for 

the study of politics, as most political behaviour change begins in locally dense communities 

(Guilbeault et al., 2018). By and large, existing approaches to the study of social influence draw 

inferences from agent-based models. The capture and observation online of real-world communities 

of ordinary people at the local network level is emergent. As Centola (2019) and (Bakshy et al., 2012) 

argue there is a clear need for further study on social influence: is it understood as an individual 
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property/attribute (eg. age, gender, and personality mechanisms) or instead, as a property of network 

dynamics of simple and complex dynamics, that flow differently through parts of the social network. 

We have traversed across two independent and large disciplines. The intention was not to be 

comprehensive. Rather to equip us with a practical foundation that can be directed towards our target 

study of political behaviour, which is the focus of our next section. 

 

2.4 Political Behaviour: The Psychology of Voting 

This final section outlines the evolution in political science to understanding political behaviour. The 

foremost political behaviour is voting, a quintessential indicator of a well-functioning democracy 

(Verba et al., 1995). Democracies renew their social contract with citizens by holding elections. These 

are fiercely contested by political parties, their candidates, and supporters. Each election cycle is 

unique. An enduring challenge for political campaigns is where to target their appeals to change voter 

opinions and behaviours (Hersh, 2012; Hillygus & Shields, 2008; Lazarsfeld et al., 1948). The ability to 

identify, capture, and predict human behaviour has been an elusive goal. 

Decades of research have examined how to mobilise and influence voters. Research has been 

dominated by the Michigan model of voter choice, that explains voting behaviour as a psychological 

attachment to a political party (Campbell, Converse, Miller, & Donald, 1960; Campbell, Gurin, & Miller, 

1954; Visser, 1994). The model posits that partisan identification is static within individual voters. 

Through a funnel of causality, party identification is created using individual-level correlates of 

education, income, religious attendance, political conviction, and sense of civic duty that are strong 

predictors of political participation (Brady, Verba, & Schlozman, 1995; Campbell, 2013).  The social-

political explanations of political behaviour have been theory driven and small-scale (Vergeer, 2013). 

The shift beyond survey-based approaches to randomised field experiments of electoral behaviour in 

the 1990s laid the foundations for the micro-targeting revolution. The incorporation of personality 

traits into political behaviour models represents a new frontier. 

Since 2000, how political campaigns target, mobilise, and persuade voters to participate in elections 

has undergone a major transformation driven by advances in micro-targeting, behavioural science, 

and computing power (Karpf, 2012, 2017a; Malchow, 2008). This has enabled faster decision-making, 

improved segmentation, and cost effectiveness to help secure election victory. Each presidential 

election cycle has been characterised by step-changes in infrastructure and interventions, including 

social targeting, real-time analytics, digital integration, and psychographic profiling (Issenberg, 2012a, 

2012b, 2012c, 2012d, 2012e; Kreiss, 2012, 2016; Ruffini, 2013; Teachout & Streeter, 2008; Trippi, 
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2004). Political campaign infrastructures are temporary, fragile, and use specialised skillsets (Kreiss, 

2016). These capabilities are shaped by the symbiotic relationship between political campaigns and 

technology companies (Kreiss & McGregor, 2017). Technology alone is not the determinant of 

campaign success. A multitude of factors including field campaigning, candidate quality, and 

communication strategies shape campaign outcomes. 

The ascendancy of data-driven political campaigns that focus on automated analysis of large-scale data 

and use of behavioural science coincides with a return to social-oriented perspectives of political 

behaviour (Campbell, 2013; Zuckerman, 2005). According to the Columbia model, voting action is 

almost wholly determined by social forces (Berelson, Lazarsfeld, & McPhee, 1954; Lazarsfeld et al., 

1948). Like the Michigan model it has psychological antecedents, the Columbia approach is mainly a 

sociological view of voting behaviour (Visser, 1994). Scholars from this tradition have demonstrated 

the importance of communities, contexts, and social networks for understanding political behaviour, 

including political participation (Campbell, 2013; Huckfeldt & Sprague, 1995; La Due Lake & Huckfeldt, 

1998). 

The two schools are often portrayed as having developed a great schism (Campbell, 2013). They both 

share similarities, being focused on the individual and anchored in psychology. This contrasts with 

rational choice theory which originates from economics and explains voting behaviour as the calculus 

of utility maximisation. To understand causal mechanisms of individual-level factors requires us to pay 

attention to their connections (Campbell, 2013). In the following sections we examine the literature 

on contemporary approaches to voter mobilisation and influence; the new frontier of personality 

traits, belated return to political networks, and paradigm shift of online network interventions for 

social mobilisation. 

 

2.4.1 Voter Mobilisation: Turnout and Persuasion 

Political science has a rich history examining how to mobilise and influence voters (Rosenstone & 

Hansen, 1993). The research focuses on the relative effectiveness of voter mobilisation strategies for 

turnout and persuasion (Gerber, Huber, Doherty, Dowling, & Panagopoulos, 2013). The literature on 

effects of various interventions on voter turnout is the largest and most fully developed and 

concentrated among low and moderate turnout probability voters (Arceneaux, 2007; Gerber & Green, 

2017; Gerber, Green, & Larimer, 2008; Malchow, 2008). Interventions are studied using randomised 

field experiments and help mitigate a variety of common methodological concerns regarding 
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observational studies of political behaviour (Gerber & Green, 2012; Gerber & Green, 2017). The studies 

form two classes: modes of contact and effect of messages. 

The modes of contact experimental literature cover door-to-door canvassing, commercial phone 

banks, SMS, direct mail, and email (Dale & Strauss, 2009; Gerber & Green, 2000). Face-to-face 

canvassing is best for turning out low propensity voters in high salient elections but is the most 

expensive (Arceneaux & Nickerson, 2009). Direct mail studies are the highest by volume and meta-

analysis show that sending a piece of non-partisan mail to a voter increases turnout by 0.75% (Gerber 

& Green, 2017). 

The second class of interventions measure the effect of alternative messages employed in 

communication (Gerber & Green, 2017). They leverage social psychology theories that can cause large 

behaviour changes (Bryan, Walton, Rogers, & Dweck, 2011; Gerber & Green, 2017). These theories 

include social norms, cognitive dissonance, implementation intentions (Cialdini & Trost, 1998; 

Festinger, 1962; Gollwitzer, 1999). Mail that exerts social pressure by disclosing past voting records 

are more effective than standard get-out-the-vote (GOTV) messages, with meta-analysis treatment 

effect estimates of 2.3% increase in voting rates (Gerber & Green, 2017; Gerber, Green, & Larimer, 

2010; Panagopoulos, 2010). They are more cost effective than canvassing or phone calls. Social 

pressure is found to be generalizable in both high and low salience elections with increased 

responsiveness across the lifecycle (Gerber, Huber, Fang, & Gooch, 2017; Panagopoulos & Abrajano, 

2014; Rogers, Green, Ternovski, & Young, 2017). Social pressure treatments can result in backlash due 

to heavy handedness and needn’t be so to be effective (Mann, 2010). Pledging to vote using theories 

of commitment are found to increase voter turnout by 3.7% among all subjects and 5.6% for people 

who have never voted (Costa, Schaffner, & Prevost, 2018). The intervention has more modest sized 

mobilisation effects compared to social pressure mailers but can be administered without concerns 

about negative backlash (Costa et al., 2018). 

To win elections mobilising the base of partisan supporters is not enough. Political campaigns use 

micro-targeting to find persuadable voters (Barocas, 2012; Hillygus & Shields, 2008). The technique 

works by data mining voter databases that contain a range of detailed information on individual 

citizens (Nickerson & Rogers, 2014). The objective is to generate predictive models that produce 

individual-level scores that predict the likelihood of individual voting behaviour and, thereby, segment 

and micro-target more persuasive messages to them (Murray & Scime, 2010; Nickerson & Rogers, 

2014). The process provides rules where the vote choice of some segments is predictable with up to 

87 per cent success (Murray & Scime, 2010). During the 2016 presidential election Facebook provided 
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political advertisers with a political segmentation blueprint of a fractured United States easily exploited 

based on the country’s divisions (Kantrowitz, 2017). 

Expansive claims about the value of individual consumer data in political campaigns have been made. 

In practice, direct responses and behaviours provided by individuals themselves along with public 

electoral registration and voting records are the most valuable, and constrain how political campaigns 

perceive and quantify voters for persuasion messages (Hersh, 2012; Hersh, 2015; Nickerson & Rogers, 

2014). In 2012, almost half of persuadable voters got their election news online, more than TV, print, 

radio and magazines (Google, 2012). Persuasive appeals by canvassers, phone, and mail were found 

to reduce follow-up survey responsiveness among infrequent voters and candidate support (Bailey, 

Hopkins, & Rogers, 2016). A comprehensive analysis of all persuasion experiments by Kalla and 

Broockman (2018) find near-zero effects for persuasion efforts in voter contact in general elections. 

The review included 49 experiments across TV, digital, mail, phone and canvas programs. Political 

campaigners have long said the Internet is great for fundraising but less so for persuasion (Nyczepir, 

2013). Blake (2017) questions whether these persuasion findings spell the end for political campaigns 

as we know them. 

 

2.4.2 Personality Traits: A New Frontier 

Personality traits and political behaviour is an exciting new research frontier, both empirically and 

theoretically (Gerber, A., Huber, G. A., Doherty, D., & Dowling, C. M., 2011; Mondak, 2010; Mondak & 

Halperin, 2008; Weinschenk, 2013). Personality traits as enduring dispositions throughout life explain 

individual behaviour, preferences and are antecedent to political outcomes (Caspi, Roberts, & Shiner, 

2005; Hatemi & Verhulst, 2015). Personality traits influence a spectrum of political outcomes from 

ideology and other political attitudes (Carney, Jost, Gosling, & Potter, 2008; Dynes, Hassell, & Miles, 

2018; Gerber, Huber, Doherty, & Dowling, 2012; Jost, Glaser, Kruglanski, & Sulloway, 2003; Sniderman, 

1975) to voter turnout and other political behaviour (Blais & St-Vincent, 2011; Gallego & Oberski, 2012; 

Mondak et al., 2010; Vecchione & Caprara, 2009). Personality traits shape an individual’s sense of civic 

duty, which is a prosocial orientation when applied in the context of voting means a belief of being 

obligated to others to vote, even though voting may be deemed costly (Blais & Achen, 2010; Downs, 

1957; Weinschenk, 2014). The decision to bear these costs is driven by psychological and social factors; 

satisfaction of fulfilling their civic duty, psychological reward of contributing to a public good, and 

avoidance of social sanctions for not voting (Blais & Achen, 2018; Gerber et al., 2013; Riker & 

Ordeshook, 1968). 
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The personality traits consistently associated with political participation are extraversion and 

openness-to-experience (Gerber, A. et al., 2011; Gerber, A. S., Huber, G. A., Doherty, D., & Dowling, C. 

M., 2011; Gerber, A. S., Huber, G. A., Doherty, D., Dowling, C. M., et al., 2011). Extraverts favour social 

interaction and abiding by societal norms (Mondak et al., 2010). Gerber, A. S., Huber, G. A., Doherty, 

D., Dowling, C. M., et al. (2011), when studying validated voter turnout, found that extroverts voted 

more than introverts, contradicting Mondak and Halperin (2008) and Mondak et al. (2010), whereas 

conscientious individuals voted less than their counterparts (Weinschenk, 2013). Cawvey, Hayes, 

Canache, and Mondak (2017) maintain that the impact of extraversion on the semi-individualistic act 

of voting is inconsistent across studies. Openness-to-experience is linked to learning and experiencing 

new things and broad persuadability that affects responses to costs and benefits of voting (Gerber et 

al., 2013). Both personality traits underlie the basic exploratory tendency towards experience, 

although extraversion displays higher stability across the diverse phases of development (Vecchione 

& Caprara, 2009).  

In terms of other personality traits of agreeableness, conscientiousness, and emotional stability the 

results are mixed with higher or lower levels of political participation (Gerber, A. S., Huber, G. A., 

Doherty, D., & Dowling, C. M., 2011). The varied explanatory power of personality traits suffers 

inconsistencies, the magnitude and direction of effects dependent on the specific acts of political 

participation (Weinschenk, 2013). However, the magnitude and effects are comparable or rival those 

associated with canonical predictors of political attitudes and behaviour, such as education and income 

(Gerber, A. et al., 2011; Gerber, A. S., Huber, G. A., Doherty, D., Dowling, C. M., et al., 2011; Rosenstone 

& Hansen, 1993). The field literature outlines several methodological issues within and across studies. 

These include definition and meaning of political participation as stimuli, measurement, sampling, and 

data availability (Gerber, A. et al., 2011; Gerber, A. S., Huber, G. A., Doherty, D., & Dowling, C. M., 2011; 

Rosenstone & Hansen, 1993; Weinschenk, 2013). 

The causal mechanisms by which personality operates to affect political behaviour is unclear (Cawvey 

et al., 2017; Gallego & Oberski, 2012; Gerber, A. et al., 2011). The causal link is posited to be indirect, 

with personality traits and internal political efficacy operating together, known as the mediation 

hypothesis, to account for political behaviour (Blais & St-Vincent, 2011; Dawes et al., 2014; Gallego & 

Oberski, 2012; Vecchione & Caprara, 2009). Identifying causal pathways that involve situation-

disposition interactions and tracking individual’s actual reactions is a major goal for future research 

(Denissen, Geenen, Selfhout, & Van Aken, 2008; Weinschenk & Panagopoulos, 2014). 

The study of how personality traits affect political participation is distinct and has evolved separately 

from research on the effectiveness of voter mobilisation strategies (Gerber et al., 2013). Integration of 
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these two literatures which is nascent seeks to assess the relationship between the Big Five and 

receptivity to voter mobilisation efforts. Determining whether a persuasive message is effective 

depends on its logical coherence e.g., Petty and Cacioppo (1984) and whether its content (its argument 

or the specific nature of the appeal) is consonant with the broad outlook, values, or concerns of people 

with particular dispositions. This implies that people with certain dispositions may be persuaded to 

change their attitudes or behaviors by messages that others reject (Gerber et al., 2013). The strongest 

evidence is associated with the social pressure treatment where each of the Big Five traits moderate 

the effect of this type of appeal (Gerber et al., 2013). Due to their assertiveness, and lower likelihood 

of viewing social sanction as problematic, individuals high on Extraversion were posited to be more 

resistant to the social pressure treatment (Gerber et al., 2013). Accordingly, individuals presented with 

the social pressure treatment, and how on extraversion were 0.038 units more likely to vote in 2010 

(Gerber et al., 2013). Those high on Extraversion, the treatment resulted in a 0.054 unit decrease in 

intent to vote (Gerber et al., 2013). Overall, allowing for the moderating effects of personality traits 

they didn’t dramatically improve the explanatory power of current models (Gerber et al., 2013). 

However, it instantiates the claim that the Big Five traits can affect how individuals respond to political 

stimuli (Gerber et al., 2013). 

Evidently, there are a multitude of opportunities to synthesise personality traits and voter mobilisation 

effectiveness literatures. Gallego and Oberski (2012) enunciate the gap best, they suggest that the 

identification of causal pathways lay with linking personality traits and internal political efficacy to 

direct measures of campaign mobilisation. Historically, the discipline has been oriented towards field 

studies and methodological individualism. Given voter mobilisation is increasingly shifting online, the 

natural extension to Gallego and Oberski (2012) guidance is to also consider whether relational and 

digital contexts reveals differences in political behaviour. This reflects the belated return to political 

networks and emergence of network interventions, which we discuss in the next two sections. 

 

2.4.3 Political Networks 

Politics is a relational phenomenon (Lazer, 2011). Yet over the last 50 years networks in political science 

has been neglected (Lazer, 2011). As the study of networks has sprawled across the academy, the 

political science community has returned to the original Columbia idea that individuals should not be 

studied in isolation, but with attention to the social forces potentially operating on the individual 

(Zuckerman, 2005). Why should these social forces matter for political behaviour? (Anderson, 2009). 

As Coleman (1988) states, social interaction provides information. These social forces of where and 

with whom we work, live, and socialise, and worship determine many of the choices we make, 
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including our level of political involvement and attitudes (Anderson, 2010). Politically relevant social 

capital is generated in personal networks (La Due Lake & Huckfeldt, 1998). It is produced as a function 

of political expertise within, the frequency of political interactions, and the size or expansiveness of a 

network (La Due Lake & Huckfeldt, 1998; McClurg, 2006, 2008). 

Social networks are uniquely placed to help reconcile questions around the micro-macro problem in 

politics (Eulau, 1996). Heaney and McClurg (2009) identify four instances where social network analysis 

may prove valuable for the problem under consideration. First, the flow of information between 

person to person or organisation to organisation, these include information-dependant phenomena 

such as voting behaviour. Second, when coordination, cooperation, or trust is fragile. Networks are 

socially constructed and hold memories of interactions between actors, that signify familiarity with 

another’s character, reliability, habits, and preferences. Third, to understand political processes when 

informal organisation runs strongly counter to formal institutions. Fourth, to interpret behaviour when 

multiple levels or organisation are involved. 

Voting is a social group act influenced by the individuals we live with day to day (Lazarsfeld et al., 1948). 

Voting together is a widespread phenomenon which is especially congruent for individuals sharing 

residency (like married couples) and known as the companion effect (Bhatti, Fieldhouse, & Hansen, 

2018; Fieldhouse & Cutts, 2012). The dual-process model describes the source of this interpersonal 

influence as norms and information (Hogg & Vaughan, 1995). The social norm of voting is learned 

through family and friends (Berelson et al., 1954; Huckfeldt & Sprague, 1995; Knight, 2015; Lazarsfeld 

et al., 1948; Nickerson, 2008). Social pressure from peers acts an important exogenous influence on 

voter turnout (Green & Gerber, 2010) and may lead to the internalisation of the norm of voting 

manifested as civic duty (Coleman, 1990). Strong ties or network closure (where everyone in a network 

know everyone else) or network density is the mechanism for norm enforcement (Campbell, 2013; 

Huckfeldt, Mondak, Hayes, Pietryka, & Reilly, 2013). In every presidential election since 1980, the 

proportion of eligible female adults who voted has exceeded the proportion of eligible male adults 

who voted (CAWP, 2017; Rampell, 2016). This may be explained by the findings of Cialdini and 

Goldstein (2004) who note that females appear to be more relationship oriented than men and, 

because they attach greater value to reciprocity, tend to be more responsive to appeals that highlight 

the importance of responding to the positive behaviour of others in kind. Yet, the reality is the political 

networks literature has rarely taken gender seriously (Djupe et al., 2018). 

Political agreement in personal social networks facilitates correct voting (Sokhey & McClurg, 2012; 

Watts, 2014). Additionally, correct voting is stable in a network that exhibits homophily than compared 

to a random interactions network (Watts, 2014). Personal network size affects exposure to broad 
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political discourse. An individual’s political attitudes and vote choice conforms to their social ties over 

time, especially among friends in contrast to co-workers (Lazer et al., 2010; Sinclair, 2012). This 

indicates the pathway to social influence is through affect rather than information (Lazer et al., 2010) 

and complementary to findings by Huckfeldt and Sprague (1995). It is important to qualify that how 

much social networks influences voting decisions is based on limited empirical evidence (Santoro & 

Beck, 2017). 

To bridge the empirical gap simulation modelling has been used to better understand the role of social 

networks as a critical factor influencing the decision to turnout (Rosset, 2014). A theoretical framework 

developed by Rolfe (2012) lays out how individuals are responsive to the behaviour of others in a 

turnout scenario. In her conditional choice theory, the decision to vote is not individualistic but 

conditional on the participation of other citizens. The decision to turn out can follow three different 

rules – unconditional decision making, mean matching, and median matching (Rolfe, 2012). 

Importantly, the model grounds conditional cooperation not as a norm operating at the societal level 

but with individuals who belong to one’s own network (Rosset, 2014). Drawing on previous 

experimental studies of conditional cooperation, Rolfe (2012) was able to parameterize her model, 

and reproduces the range of aggregate turnout rates observed empirically in a series of simulations 

based on the aforementioned decision rules (Rosset, 2014; Siegel, 2013). Further, the variation in the 

network parameters of the biased random networks used can account for variation within this range 

of turnout (Rolfe, 2012; Siegel, 2013). While the theoretical model has impressive internal coherence 

and empirical evidence, more experimental research is needed to tease out causal mechanisms (Rolfe, 

2012; Siegel, 2013). 

Political campaigns are experimenting with relational organising for voter mobilisation. Relational 

organising isn’t new. It involves volunteers and organisers using their own social networks, namely 

family and friends to increase turnout (Acronym, 2018). Based on a 2016 relational organising for GOTV 

resulted in in an average 5.9% increase in turnout, with millennials seeing up to a 6.9% increase and 

people of colour up to 7.7% (Acronym, 2018). The effects are large for what are traditionally lower or 

middle propensity voters. In other words, disenfranchised voters. The benefits of relational organising 

are higher contact rates, better data and modelling, and higher conversion. However, relational 

organising suffers from several challenges to successful scaling. 

The study of political networks owes much to the work of its early pioneers. The field has silenty 

endured with limited resources in the shadow of a competing, dominant paradigm. The arrival of the 

Internet marked a turning point for this neglected space, a clear and compelling need for political 

science to start to think social and computational (Campbell, 2013; Lazer & Wojcik, 2017). The gaps 
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are numerous ranging from limited empirical studies, treatment of gender as superfluous, and poor 

conceptualisation of digitally networked political participation (Theocharis, 2015). The rise of social 

media represents an attractive avenue for studying political networks. This is the focus of the next 

section. 

 

2.4.4 Network Interventions:  Scaling Social Influence and Psychographic Targeting 

Political campaigns use online social networks (such as Facebook and Twitter) for voter mobilisation. 

The mobilisation effects of impersonal and social pressure get-out-the-vote (GOTV) messages have 

been shown to increase voter turnout (Bond et al., 2012; Haenschen, 2016; Jones, Bond, Bakshy, 

Eckles, & Fowler, 2017; Teresi & Michelson, 2014). Women nearly twice as likely to say they voted on 

Facebook and 46.5% coming from mobiles (Bakshy, 2012). The extraordinary randomised, controlled 

experiment by Bond et al. (2012) in collaboration with Facebook of 61 million people who received 

messages urging them to vote heralds a new paradigm in social mobilisation (Rogers et al., 2018). The 

term refers to principles that can be used to influence large number of individuals to perform 

behaviours that are individually costly, provide negligible individual or social benefits but are 

meaningful when performed collectively (Rogers et al., 2018). Election participation is such an activity. 

Social influence governs participation through social pressure and reputation (Cialdini & Goldstein, 

2004). Spreading influence in a network operates by different processes for information diffusion and 

behaviour change. In clustered networks behaviour change spreads faster due to peer pressure 

(Centola, 2010). Providing feedback to users on adoption in such networks increases the adoption rates 

of the desired behaviour (Janssen, 2011). In the experiment by Bond et al. (2012) strong ties exerted 

more social pressure of accountability than weak ties. The degree of social pressure is proportional to 

the visibility by one contacts (Gerber et al., 2010). Aral (2012) argues homophily and correlated 

preferences among friends, mobilizes voting behaviour. 

Network interventions typically target influential nodes (most or best connected) to trigger cascades 

of cooperative behaviour in social networks (Fowler & Christakis, 2010). Highly central individuals 

however are not by definition influential (Watts & Dodds, 2007) rather centrality confers the potential 

to induce change (Aral, 2011). Targeting the most socially influenceable is posited as more effective 

(Janssen, 2011). The accuracy motive triggers social influence as people look to similar others for social 

proof to determine the correct way to act (Contractor & DeChurch, 2014; McClurg, 2008). 

Online social networks also reveal important individual differences in political behaviour. Individuals 

with high levels of political interest, a stronger sense of political ideology and political identity are likely 
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to be more active than others on Facebook (Bakshy & Messing, 2015; Bakshy et al., 2015). Further 

same individuals are possibly more extroverted than average users in the domain of politics (Bakshy & 

Messing, 2015; Bakshy et al., 2015). These possibilities are interesting given the study of personality 

traits and online political behaviour is unexplored territory (Jordan et al., 2015; Quintelier & 

Theocharis, 2013). Openness-to-experience and extraversion have effects on online political 

engagement identical to the offline realm (Quintelier & Theocharis, 2013; Russo & Amnå, 2015). 

Studies examine individual responses to general/targeted information against two-step flow 

communication models (Lazarsfeld et al., 1948). Yet opinion leaders and social networks still shape 

individual attitudes and behaviours (Contractor & DeChurch, 2014). How personality traits guide social 

influence and social interactions online is unclear. Margetts, John, Reissfelder, and Hale (2012) 

suggests that to fully assess the impact of visibility and social information, research needs to appraise 

the differences between individuals who may react differently to heterogenous social influences when 

moderated by context. 

The harvesting of social media data during the 2016 presidential election by the Cruz and Trump 

campaigns triggered a seismic shift on the role and significance of psychographic targeting for voting 

(Davies, 2015). The matching of advertising persuasive appeals to people’s extraversion and openness-

to-experience level has been found to increase clicks by 40% and purchasing up to 50% compared to 

non-personalised counterparts (Hirsh, Kang, & Bodenhausen, 2012; Matz, Kosinski, Nave, & Stillwell, 

2017). The application of psychological targeting to influence the behaviour of large groups of people 

has produced vigorous debate about causal mechanisms, internal validity, and ethical issues in public 

and academic spheres (Eckles, Gordon, & Johnson, 2018; Grassegger & Krogerus, 2017; Halpern, 2018; 

Matz, Kosinski, Nave, & Stillwell, 2018). The search for proof psychographics works remains an open 

challenge. The literature is inconclusive on how and to what extent personality traits and internal 

political efficacy influence online social relations for spreading offline voting behaviour. Where the 

costs of participation are low, the usefulness of demographics and usual social science predictors of 

opinions and behaviours will decline, and other measures of individual differences (such as 

personality) will become more important (Margetts, 2016). 

The rise of social media, ditching of landlines by the majority of American households, parallels the 

shift away from traditional group-based citizen engagement, replaced by flexible issue networks that 

address both local and global concerns (Bennett, 2008; Bennett & Segerberg, 2013; Murphy, 2017; 

Rainie, 2012; Rainie & Smith, 2012). The role of online social networks in political campaigns is 

expected to grow in magnitude and significance (Gainous, Marlowe, & Wagner, 2013; Murphy, 2017). 
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2.5 Statement on Gaps in Literature and Research Question 

Given our interests, this chapter set out to review literature from personality psychology, social 

networks, and political science to motivate our research. We identified eight (8) distinct and 

overlapping gaps in the literature that help frame our research question. At a high level, we summarise 

these gaps as needs for: greater real-world relevancy, better accountability of individual differences, 

that are context-dependent, improved predictability, enhanced clarity on mechanisms, are reflective 

of local networks, reconceptualises digital network political participation, and independence of 

platform-driven, social network research. We explain each as follows. 

First, the study of personality traits is a large and robust field. However, for it to become more effective 

and grow it needs to increase its relevancy and application in real-world settings. 

Second, the rise of psycho-informatics which involves the use of ubiquitous smartphones for research, 

presents a unique opportunity for understanding individual differences and social phenomena at scale. 

Third, network theorists have been largely uninterested in the psychologically foundations of social 

networks. There is a room to better understand the relationship between individual differences and 

social selection and social influence effects. In practice the study of local, social networks should be 

designed from the outset to include personality traits. 

Fourth, the study of large networks fuelled by big data from third-party platforms to test threshold-

based complex contagion models have reached the limits of prediction. They are unable to detect 

social influence at the local level; this is significant for political behaviour change which typically 

originates in locally dense communities. Existing models of social influence rely on agent-based models 

for making inferences of human behaviour. 

Fifth, the literature clearly articulates the need to understand social influence at the local network 

level; either as an individual property/attribute (eg. age, gender, personality), or a property of network 

dynamics. 

Sixth, there are early signs of a synthesis underway of separate literatures from personality traits, 

persuasion, and voter mobilisation effectiveness. This revives the existence of validated personality 

measures in political science which have been dormant for many decades. It is no surprise that field 

experiments are framed by the methodological individualism framework. Further, focused primarily 

on traditional contact strategies and survey approaches. Campbell (2013) neatly articulates the way 

forward for individual-level political scientists to ‘think social’ and for network researchers to ‘stay 

relevant’. There is a need to study whether there are individual differences in political behaviour 

associated with direct measures of mobilisation, and any effects from relational and digital contexts. 
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Seventh, political networks suffer from multiple gaps. The number of conducted empirical studies are 

few. The treatment of gender has never been taken seriously and should be revisited given the major 

societal changes and observed differences in voting behaviour. As political networks move online there 

is a need to reconceptualise digitally networked political behaviour. 

Lastly, there is an overt need for independent digital product to study political behaviour in online 

communities that reflects local, social networks. Researchers have gravitated to third-party social 

media platforms for empirical analysis of social phenomena (Cihon & Yasseri, 2016). The online 

political action literature reveals a lack of digital trace data normalisation and widespread failure to 

ground methodologies and results in social and political theory (Cihon & Yasseri, 2016; Jungherr & 

Theocharis, 2017). This presents real dangers of conceptual stretching (Jungherr, 2017). Empirical and 

predictive tasks should be model-guided (Pearl & Mackenzie, 2018). 

The most valuable political information is what campaigns acquire from the behaviours and direct 

responses provided by citizens themselves (Nickerson & Rogers, 2014). Data access by researchers is 

restricted given the prominence such data plays in campaigns ability to generate individual predictive 

scores for targeting of mobilisation or persuasion messages. The importance of user personality, action 

and decision-making online during elections has risen in importance yet remains nascent among social 

network researchers (Jansen & Rieh, 2010; Jiang et al., 2013; Margetts, 2017). A step that network 

scientists can take is to help political science with problems on peer recruitment and polarization 

(Moody, 2017). The recruitment process involves peers influencing each other to participate in 

politically relevant activities. Such collaborations could be quite fruitful as they embed questions of 

meaning and structure into network models of political action (Moody, 2017). 

 

2.5.1 Research Question 

The prevalence of social interactions and information gathering mediated by digital services and 

devices (Kosinski et al., 2013) provides a new lens to observe social phenomena, particularly political 

behaviour and to overcome currents limits to understanding (Jungherr & Theocharis, 2017; Salganik, 

2018). Political scientists are focusing greater attention on information diffusion, social influence and 

how to spread behaviour change in online social networks (Aral, 2012; Campbell, 2013). Where the 

social-political science and information science fields meet is where scientific innovations will most 

likely emerge (Vergeer, 2013). Given the importance of personality traits in shaping attitudes, 

preferences, and behaviours; how we interact with one another; and are antecedent to political 

outcomes we formulate our research question to address the identified gaps in knowledge and 
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(perhaps unnecessary) elevated public anxieties around use of psychographic targeting in political 

campaigns. Hence, we pose a timely research question for study: 

“Do personality traits drive online commitment to vote in social networks?” 

The next chapter introduces our research model.  



64 

 

 

 

 

 

 

 

 

3 Research Model 

This chapter outlines our research model. We seek to advance understanding of the role that 

personality traits play in shaping influence and political behaviour in online social networks. We begin 

with a recap of the previous chapter that identified a knowledge gap and basis for our study. Before 

proceeding, we situate our study in a societal context and desire to unlock scalable human 

cooperation. We explain how hierarchy, social environment, and social heuristics contribute to 

promoting cooperative behaviour. Network interventions and choice architecture are discussed in 

terms of their potential for catalysing cooperative political behaviour change. We then introduce three 

theoretical frameworks: personality traits, internal political efficacy (social cognitive theory), and social 

influence and contagion. These shape our research model or alternatively, network intervention, that 

we present. Our study focuses on individuals high in extraversion who are posited to drive political 

behaviour across online social networks. To address our research question and determine network 

dynamics the model contains two parts – belief and behaviour models. This segmentation enables us 

to trace roles and complex interactions of personality traits, internal political efficacy, network 

structure, social norms, and the attribute of gender. The constructs, hypotheses, explanatory 

mechanisms, and indicators are described in detail and draw upon diverse literature to support 

personal sense making. Lastly, we make some concluding remarks before the next chapter on the 

research design and statistical technique, exponential random graph model, applied to study social 

influence. 

 

3.1 Enabling Scalable Cooperation 

The interdisciplinary literature review (see Chapter 2) illustrated that our present understanding of 

political behaviour is still largely framed around the individual. Yet people are hardwired to connect 

In any project, the important factor is your belief. 
Without belief, there can be no successful 
outcome. 
-- William James, philosopher and psychologist 
 
The fundamental concept in social science is 
Power, in the same sense that Energy is the 
fundamental concept in physics… The laws in 
social dynamics are laws which can only be stated 
in terms of power. 
-- Bertrand Russell, 1938 
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with each other which in turn shape their behaviour. The relatively recent and increasing availability 

of large online social network data sets, however, is driving new and exciting research directions. Big 

data approaches strongly favour new efficiency driven algorithms that generate macro level insights. 

While alluring, counter intuitively, we argue the need for theory is not diminished, instead assumes 

added importance that may lead us towards identifying mechanisms rather than simply correlations. 

A research strategy that combines both research traditions helps inform and guide interpretations of 

causality on the relative contributions of agency and structure to political behaviour in online social 

networks. 

The transition to a networked digital society requires humans to reimagine new forms of organization, 

cooperation, and governance. Digital mediums offer affordances to integrate social networks and 

human social motives to enact social influence at scale (Contractor & DeChurch, 2014). Specifically, 

enable the collective to enhance, reinvigorate, or shape new democratic traditions for the digital age. 

The ways to realise this goal are endless. We propose one that involves a novel psychologically 

designed network intervention that activates and harnesses human cooperation at the local level for 

social impact. As background we provide a short primer on human cooperation, network interventions 

and choice architecture to position our research model in a societal context. We highlight key 

mechanisms and principles that guide human behaviour and help shape the design of our research 

model. 

 

3.1.1 Human Cooperation 

Cooperation is one of the main drivers of human societies (Nowak & Highfield, 2011). Our large 

societies are not well mixed, a natural consequence of ancient psychology for living in small groups, 

known as social viscosity (Pagel, 2012). This means our knowledge of each other is accurate, makes it 

easier to trust in reciprocal exchanges, and aide awareness of each other’s reputations (Pagel, 2012). 

Cooperation is argued to have evolved by five mechanisms: kin selection, direct reciprocity, indirect 

reciprocity, network reciprocity, and group selection all working to exploit locality of interaction 

(Nowak, 2006). Indirect reciprocity, which involves social reputation and status, is found to lead to the 

emergence and sustainability of cooperation between humans (Ohtsuki & Iwasa, 2006; Santos, Santos, 

& Pacheco, 2016). Social reputation is based on actions of ‘goodness’ and mathematically only eight 

strategies/reputation dynamics, referred to as the leading eight, are crucial to the evolution of indirect 

reciprocity and high levels of cooperation (Ohtsuki & Iwasa, 2004, 2006). The leading eight all share 

two common characteristics: 1) cooperation with good persons is regarded as good and defection 

against them is regarded as bad; and 2) defection against bad persons should be regarded as good 
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behaviour because it works as a sanction (Ohtsuki & Iwasa, 2004). In small communities, this 

materialises as one simple norm, which dictates that only whoever cooperates with good individuals, 

and defects against bad ones, deserves a good reputation (Santos et al., 2016). Where reciprocity 

occurs quickly, the social environment shapes the speed of cooperation (Nishi, Christakis, Evans, 

O'Malley, & Rand, 2016). The cognitive basis of cooperation is intuition rather than deliberation, which 

acts as a social heuristic that shapes cooperative decision making (Bear & Rand, 2016; Rand, 2016; 

Rand, Peysakhovich, et al., 2014). Intuitive processes are fast, automatic, effortless, and emotional 

(Rand, Peysakhovich, et al., 2014). In contrast, reflective processes are slower and controlled, effortful 

and deliberative (Rand, Peysakhovich, et al., 2014). 

The evolution of cooperation in network structured populations is an emerging line of research 

(Melamed & Simpson, 2016). Regularity in network structures can lead to stable high levels of human 

cooperation, outperforming well-mixed populations (Rand, Nowak, Fowler, & Christakis, 2014). 

Relationship duration, as a dimension of tie strength, that endures is associated with an increase in 

value, stability, and the promotion of cooperation (Melamed & Simpson, 2016). Individuals with many 

ties generally have low levels of assortative interactions which make them less able to support 

cooperative strategies (Iyer & Killingback, 2016). In dynamic networks optimal levels of cooperation 

are achieved at intermediate levels of change in social ties (Shirado, Fu, Fowler, & Christakis, 2013). 

In social networks the emergence of hierarchy can be explained by resource constraints or by local 

decisions and interactions (Mengistu, Huizinga, Mouret, & Clune, 2016). The net cost of network 

connections also leads to the evolution hierarchy (Mengistu et al., 2016). In complex societies, 

cooperation waxes and wanes but several indicators suggest over the last 3-4 decades in the USA it 

has been unravelling (Turchin, 2013). The decline in social cooperation, together with growing 

inequality can be explained by the decline in cooperation in the presence of a hierarchy due to a 

decrease in investment by lower ranked individuals (Cronin, Acheson, Hernández, & Sánchez, 2015). 

The declines in social relatedness and rising levels of inequality mean new heterogeneous societies will 

increasingly depend on enforcement of cultural or democratic rules for stability or suffer erosion from 

small groupings disengaging from the whole (Pagel, 2012). The key is to create among people stronger 

glues of trust and common values beyond historical markers of ethnicity or cultural differences then 

nurture an environment for people that instils a sense of shared purpose and shared outcomes (Pagel, 

2012). 

There is growing evidence of the power of social influence, in particular peer pressure, in promoting 

cooperative behaviour in networked societies (Mani, Rahwan, & Pentland, 2013). Social referents are 

those with many connections in the community’s social network, are unusual for their traits, 
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experiences and have the greatest influence on their peers’ behaviour and perceived norms (Paluck, 

Shepherd, & Aronow, 2016). In small groups where individuals are able to punish or reward peers, 

peer pressure acts as a mechanism for promoting cooperative behaviour and improving the social 

welfare of the group (de Quervain, Fischbacher, Treyer, Schellhammer, & et al., 2004; Douglas, 2015; 

Mani et al., 2013). This social mechanism amplifies with the strength of relationships between peers 

and inversely proportional to the cost of exerting the peer pressure (Mani et al., 2013). Such 

mechanisms are suitable for large networked societies that are sparse where an individual has very 

few peers (Mani et al., 2013). The success of peer pressure relies on vigilance to enhance pro-social 

behaviour (Mani et al., 2013; Pereda, 2016; Yoeli, Hoffman, Rand, & Nowak, 2013). 

Cooperation underpins human society. The fraying of social bonds poses systemic challenges for 

functioning communities and democracy. A small band of evolutionary stable strategies centered on 

actions of “goodness” help foster and maintain indirect reciprocity which is vital for cooperation. This 

norm must be intuitive for cooperative decision-making. The interplay of turnover in social ties and 

hierarchy in social networks can serve as constraints on developing cooperative strategies. Social 

influence is a potential mechanism for restablishing common values and social relatedness for the 

shared purpose of democracy. 

 

3.1.2 Network Interventions 

Network interventions are purposeful efforts where social networks or social network data is used to 

identify individuals in a network that act as champions to influence and accelerate behaviour change, 

improve performance, and/or realise organisational/community/population goals (Valente, 2012). 

Network interventions have four types: individuation (opinion leaders), segmentation (recruit groups), 

induction (stimulate peer-to-peer interaction), and alteration (adding/deleting nodes for efficiency) 

(Robins, 2015). These interventions are more effective than non-network alternatives, but 

implementation is contingent on many strategic, tactical, and operational choices (Valente, 2012).  

The FunFit physical activity intervention (Aharony, Pan, Ip, Khayal, & Pentland, 2011; Shmueli, Singh, 

Lepri, & Pentland, 2014) identified a role played by two social strategies: social comparison (Peer See) 

and peer pressure (Peer Reward). This study has been extended in two ways. First, personality traits 

of extraversion and neuroticism are reported to play a mediating role in inducing behavioural change 

(Lepri, Staiano, Shmueli, Pianesi, & Pentland, 2016). Second, reciprocity and directionality of friendship 

ties have an effect on induced peer pressure often larger than the total tie strength (Almaatouq, 

Radaelli, Pentland, & Shmueli, 2016). Network targeting of nominated friends was also found to 
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increase adoption of a nutritional intervention beyond random or targeting the most highly connected 

individuals (Kim et al., 2015). Beyond health behaviours, these core ties have an inconsistent or 

relatively minor relationship to many forms of democratic engagement (Hampton & Ling, 2013). The 

changes in social network size and diversity, and the role of mediated ICT platforms, reinforce the need 

for further research on the role of core networks and social change (Hampton & Ling, 2013). 

 

3.1.3 Choice Architecture (“Nudges”) 

Choice architecture, or commonly referred to as nudges, make life simpler, safer, or easier for people 

to navigate (Thaler & Sunstein, 2008). To qualify as a nudge, an intervention must not impose 

significant material incentives nor undermine either autonomy or welfare (Sunstein, 2015). The 

number and range of nudges is growing. A catalogue of ten (10) important nudges have been identified 

for policy purposes: 1) default rules, 2) simplification, 3) use of social norms, 4) increases in ease and 

convenience, 5) disclosure, 6) warnings, graphic, or otherwise,  7) pre-commitment strategies, 8) 

reminders, eliciting implementation intentions, and 10) informing people of the nature and 

consequences of their past choices (Sunstein, 2014). The principal advantage is they avoid coercion 

and have larger impact than more expensive and significant economic incentives (Sunstein, 2014). 

Nudges are governed by a culture of experimentation, usually impose low (or no cost), deliver prompt 

results and support continuous measurement and improvement (Sunstein, 2014). A wave of significant 

results demonstrating behaviourally or psychologically inspired policy interventions (SBST, 2015) has 

led to the creation of behavioural insight teams as part of national governments in Europe, Middle 

East, Asia-Pacific and international bodies (Halpern, 2015). To help guide voter decision-making we 

draw upon the selection of identified nudges for the design and implementation of voting behaviour 

change initiatives. 

To conclude our discussion on enabling scalable human cooperation; as we migrate to the digital 

networked society, in order harness social influence that promotes human cooperation the takeaway 

is we need to account for important mechanisms and principles. We need to design network social 

interventions that target intuitive processes, are simple and easy, reinforce local relationships, and are 

scalable for prosocial behaviours like voting. In the next section we link these mechanisms and 

principles to our theoretical frameworks. 
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3.2 Theoretical Frameworks 

The proposed research model uses the theoretical frameworks of personality traits (Allport, 1961; 

Costa & MacCrae, 1992), political efficacy (Bandura, 1986, 1997; Campbell et al., 1954; Caprara, 

Vecchione, Capanna, & Mebane, 2009), and social influence and contagion (Burt, 1987; Granovetter, 

1973) to address our research question. 

 

3.2.1 Personality Traits 

Personality traits are a multifaceted, enduring, internal psychological structure (Costa & MacCrae, 

1992). The Five Factor Model (FFM) of personality traits proposes a comprehensive, hierarchical model 

comprising five traits which explain individual differences in behaviour and preferences. In 

psychological sciences, personality is the most important as it is where other areas of cognitive, 

developmental, biological and social psychology come together (Benet-Martínez et al., 2015). The field 

has historically been driven by usefulness and gold standard personality research is about prediction 

and understanding behaviour and life outcomes (Funder, 2016; Wiggins, 1973). In comparison to other 

fields, personality psychology doesn’t have a replication crisis. Funder (2016) attributes this to taking 

measurement seriously, use of large samples, and caring about effect size. Over the decades, with 

gains in accuracy personality psychology has become characterised as boring (Baumeister, 2016). 

Whatever it lacks as ‘interesting’, relative to other domains, is offset by reliability and robust practices 

that have positioned it strongly to become an interdisciplinary leader (Benet-Martínez et al., 2015). 

This leadership extends in new directions to micro and macro level studies of personality. At the micro 

level, the intersection of molecular genetics and personality is growing in prominence (Benet-Martínez 

et al., 2015). At the macro level, scholars are now thinking seriously about how individual differences 

might influence behaviour of collective systems (Almlund, Duckworth, Heckman, & Kautz, 2011). For 

the field to flourish it recognises the need to move beyond the laboratory and say more about how 

personality processes play out in people’s everyday lives (Baumeister, Vohs, & Funder, 2007). Internet 

research and mobile sensing are such pathways with affordances for personality scientists to improve 

research and reduce over-reliance on self-report methods (Baumeister et al., 2007). Personality 

scientists are now harnessing these methodological innovations to generate new insights in four main 

ways: 1) efficient distribution of traditional-self and informant-reporting measures to participants at 

scale, 2) studying previously inaccessible real world social phenomena, 3) examining Internet-specific 

social phenomena that reveals underlying personality processes, and 4) leveraging smartphone 
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sensors for collection of comprehensive social interaction and geo-spatial data (Benet-Martínez et al., 

2015; Gosling & Johnson, 2010). 

 

3.2.2 Political efficacy 

Political efficacy is defined as the feeling that individual political action does have, or can have, an 

impact upon the political process (Campbell et al., 1954). Political efficacy consists of two inter-related 

components. Internal political efficacy relates to personal beliefs in understanding and participating 

effectively in political life (Ognyanova & Ball-Rokeach, 2015). External political efficacy encapsulates 

political actors and institutions and perceptions of responsiveness to citizen demands (Niemi, Craig, & 

Mattei, 1991; Ognyanova & Ball-Rokeach, 2015). Political efficacy remains one of the most 

continuously examined constructs and widely accepted as a prominent driver of democratic 

participation (Carpini, 2004; Morrell, 2003). 

This study is only concerned with internal political efficacy.  With observed declines in political 

participation and voter turnout, understanding how internal political efficacy translates into behaviour 

is critical for reviving democratic processes. A variety of approaches to measuring internal political 

efficacy have been used by researchers (Morrell, 2003). Inconsistency in measurement and the 

absence of consensus over the years has prevented comparison of effects between studies and 

development of a coherent understanding of individual political behaviour (Caprara et al., 2009; 

Morrell, 2003). Ognyanova and Ball-Rokeach (2015) argue that use of general measures of efficacy and 

impact of new media may explain observed discrepancies. Lee (2006) found after surveying US college 

students, information-related Internet use and online political communication were predictors for only 

internal, not external, political efficacy. We focus on internal political efficacy, as interpreted from the 

theoretical framework of social cognitive theory Bandura (1999, 2006) , which concerns judgments (or 

beliefs) that people hold about their capacities to take an agentic role in modern representative 

democracies (Caprara et al., 2009). 

 

3.2.3 Social influence 

Social influence is defined as the tendency of people to become similar to those with whom they 

interact (Kempe, Kleinberg, Oren, & Slivkins, 2016). The opposing force in tension is social selection 

where you choose network partners based on similar attributes (Kempe et al., 2016; McPherson et al., 

2001; Robins, 2015). There exists two competing models of social influence; social cohesion suggests 

influence is proportional to tie strength (Granovetter, 1973) versus the structural equivalence model 
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(Burt, 1987) which proposes that influences exist across individuals with similar roles and positions in 

social networks. Our research aligns with the social cohesion model of social influence given our focus 

on the general population and how people vote in elections. Individuals may change some attributes 

by being influenced by their friends and is often seen as an individual level quality or property flowing 

through the network (Robins, 2015). The imitation of others local behaviour manifests in the diffusion 

of new technology, emergence of social norms and political movements and an illusory paradox of 

behaviour prevalence in friendship networks (Centola, 2010; Lerman, Yan, & Wu, 2016). Social 

conformity is a form of social influence, that involves a change in behaviour or belief in response to 

real (physical presence) or imagined (social norm) pressure to fit in with a group. The two explanations 

for social conformity according to Deutsch and Gerard (1955) are normative conformity and 

informational conformity. Normative conformity is a form of compliance, to yield to a group to avoid 

rejection. Informational conformity involves an individual in an unclear situation making a social 

comparison of their behaviour relative to their group and internalising and adopting the group view. 

 

3.3 Research Model 

The research model examines how personality traits shape political behaviour in online social networks 

during an election campaign. We focus on the interaction between personality traits and individual 

attributes of internal political efficacy, gender, age, and friendship structures to identify the 

mechanism(s) that may drive online commitment to vote processes across the network. 

We postulate a single, integrated model displayed in Figure 3-1 and segmented in two parts: A and B. 

Part A also referred to as the “Belief Model”, is concerned with the role of personality traits in shaping 

political beliefs and, indirectly, political participation. We argue that an individual’s commitment to 

vote as a specific act of political participation is shaped by levels of internal political efficacy. 

Personality traits are antecedent but play a pivotal role in determining an individual’s internal political 

efficacy and subsequent political participation. Our interest is focused principally on the personality 

trait of extraversion. We also examine gender differences in commitment to vote. 
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Figure 3-1: Research Model 

Part B or the “Behaviour Model” traces extraverted individuals with high levels of internal political 

efficacy that make an early commitment to vote and the influence they exert on their online social 

networks and the human social motivations which drive adoption of similar behaviour in their social 

circle of influence. We seek to identify variances based on the gender composition of these friendship 

networks. The discussion that follows defines each of the constructs.  The next section introduces our 

research model hypotheses for empirical testing. 

 

3.3.1 Constructs 

The research model is comprised of six constructs: personality traits, internal political efficacy, gender, 

commitment to vote, friendship network, and friendship network commitment to vote. The construct 

definitions are summarised below (see Table 3-1). An expanded discussion of each construct and link 

to the theoretical frameworks follows. 

 

Construct Definitions References 

Personality traits: Psychological constructs that explain individual 

behaviour and preferences. A consensus exists that personality is 

summarised by the Five Factor Model and represents the basic structure, 

Costa and 

MacCrae 

(1992); 
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these include - emotional stability, extraversion, openness to experience, 

agreeableness, and conscientiousness. 

Mondak 

(2010) 

Internal political efficacy: Internal political efficacy concerns personal 

beliefs regarding the ability to achieve political goals through personal 

engagement and leveraging own capacities and resources. 

Caprara et al. 

(2009) 

Gender: the biological and physiological characteristics that define men 

and women 

VandenBos 

(2015); WHO 

Commitment to vote: An implementation intention is a psychology term 

based on people’s innate desire to appear consistent.  It is a cognitive 

link between an anticipated future situation and intended behaviour 

which is created by articulating the when, where, and how of executing 

an intention to vote. The intention is digitally signed and recorded. 

Gollwitzer 

(1999); 

Gollwitzer 

and Sheeran 

(2006); 

Nickerson 

and Rogers 

(2010) 

Friendship Network: Friendships are a key component of social 

networks, generating a series of direct, frequent, voluntary, and 

purposeful interactions. Friendship network as the interconnected 

relationships between friends provides social and emotional support, 

companionship and confidentiality, advice and assistance, information 

and news. The network consists of the presence/absence of ties of 

various kinds between pairs of members that belong to the partner 

community. 

 

Huckfeldt 

and Sprague 

(1993); 

Borgatti 

(2016) ; 

Kotler-

Berkowitz 

(2005) 

Friendship network commitment to vote count: A count of commitment 

to vote by members of the friendship network  

n/a 

Table 3-1: Construct Definitions 

The constructs are operationalised as reflective multi-item indicators. We elaborate on the indicators 

used in the next chapter on the research design. 
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3.3.2 Personality traits 

Personality is defined as a multifaceted, enduring, internal psychological structure (Mondak et al., 

2010). The ‘Big Five’ model of personality traits (Costa & MacCrae, 1992) proposes a comprehensive, 

hierarchical model comprising five traits (Mondak et al., 2010). The five traits are: emotional stability, 

extraversion, openness to experience, agreeableness and conscientiousness (see Table 3-2 for details). 

They are well accepted and antecedent to political outcomes they may predict. Denissen et al. (2008) 

describe personality traits as motivational reaction norms that are dependent on the environmental 

situation. For example; openness to experience affects the reward value of engaging in cognitive ability 

(Gallego & Oberski, 2012). The Big Five are measured using the 10-item personality inventory (TIPI), a 

common approach in psychology and political science (Gosling et al., 2003; Weinschenk, 2013). 

 

Personality dimension High level Low level 

Emotional Stability (Neuroticism) sensitive, nervous secure, confident 

Extraversion outgoing, energetic shy, withdrawn 

Openness to experience inventive, curious cautious, conservative 

Agreeableness friendly, compassionate competitive, outspoken 

Conscientiousness efficient, organized easy-going, careless 

Table 3-2: Personality dimensions and the poles of traits they form: based on Costa and McCrae (1992) pp.14-

16, 49. 

 

3.3.3 Internal political efficacy 

Internal political efficacy concerns personal beliefs regarding the ability to achieve political goals 

through personal engagement and leveraging own capacities and resources (Caprara et al., 2009). 

Measuring internal political efficacy has historically focused on knowledge, skills, and capacities, rather 

than perceived control or feelings about a person’s own efficacy (Caprara et al., 2009; Saris & Torcal, 

2009; Vecchione & Caprara, 2009; Zimmerman & Zahniser, 1991). Surprisingly, measurement has 

occurred without any theoretical grounding that accounts for psychological processes underlying an 

individual’s sense of efficacy (Vecchione et al., 2014). Caprara et al. (2009) conceptualised political 

efficacy within social cognitive theory (Bandura, 1986, 1997), focusing on the judgments people hold 

about their capacities to take an agentic role in modern representative democracies. Bandura (1997) 
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articulates that among the psychological structures attesting to an individual’s agentic power, the 

degree of influence exerted by self-efficacy beliefs over motivation, thought, and action is unmatched. 

Caprara et al. (2009) developed a measure of political self-efficacy, the Perceived Political Self-Efficacy 

(PPSE). This study uses the short form version PPSE-S composed of 4 items (Vecchione et al., 2014). It 

provides a range of advantages including: reduced complexity, scale reliability, embedded in a general 

theory of personality, and efficiency both in time and cost (Vecchione et al., 2014). 

 

3.3.4 Commitment to vote 

A commitment to vote is a plan to vote based on an implementation intention: a cognitive link between 

an anticipated future situation and intended behaviour which is created by articulating the when, 

where, and how of executing an intention to vote (Gollwitzer, 1999; Gollwitzer & Sheeran, 2006; 

Nickerson & Rogers, 2010). The psychology term captures people’s innate desire to appear consistent 

(Contractor & DeChurch, 2014). Implementation intentions affect new, ongoing behaviours (e.g., 

regularly exercising) through to single-instance behaviours (e.g. picking up books) (Nickerson & Rogers, 

2010). A meta-analysis of implementation intentions found a medium to large positive effect on goal 

attainment well beyond setting goal intentions alone (Gollwitzer & Sheeran, 2006). In voter 

mobilisation research, implementation intentions have been applied using phone calls, where persons 

contacted are assisted with forming plans to vote (Nickerson & Rogers, 2010) and found to increase 

the effectiveness of voter outreach (Costa et al., 2018; Rogers, Milkman, John, & Norton, 2015). 

Growing evidence signals this tool can be used to generate scalable, cost-effective interventions that 

support and increase likelihood of people and organisations fulfilling their good intentions (Rogers et 

al., 2015). We adopt a mobile plan to vote variant, with the user setting the date, time, voting location 

and added to phone calendar. 

 

3.3.5 Friendship Network 

Friendship is characterised as fundamental to human beings (Hruschka, 2010; Seyfarth & Cheney, 

2012). Friendship ties evince homophily, the tendency to form connections with similar others 

(McPherson et al., 2001).  Friendships are central to social networks, encapsulating an array of 

interactions that are direct, frequent, voluntary, and purposeful (Huckfeldt & Sprague, 1993). 

Friendship as a social process provides a range of evolutionary benefits from social and emotional 

support, health and wellbeing, and career advancement (Kotler-Berkowitz, 2005; Lazarsfeld & Merton, 
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1954; Wellman & Wortley, 1990). The interconnectedness of friendship gives rise to friendship 

networks that display structural regularities. 

Local social structure emergence has two theoretical views; ties operating as a self-organising system  

(Breiger & Pattison, 1978; Pattison, 1993) versus the role of personality traits (Kalish & Robins, 2006). 

Shea, Menon, Smith, and Emich (2015) argues recent empirical research presents mounting evidence 

in opposition to the structuralist view that social networks are persistent and unresponsive to 

psychological factors. Further, people’s web of social relationships and how they mobilize their 

networks is jointly influenced by actual structure and their dynamic construal of it (Shea et al., 2015; 

Smith, Menon, & Thompson, 2012). 

Traditional approaches to social network analysis involve a personal network or egocentric design 

(Pescosolido, Perry, & Borgatti, 2018). An ego network consists of a single actor (ego) together with 

the actors they are connected to (known as alters) and all the links between those alters (Everett & 

Borgatti, 2005). A network contains as many egos as there are actors. Egos can be persons, groups, 

organizations, or whole societies (Hanneman & Riddle, 2005). Information on alters and their 

connections are obtained entirely from ego (Everett & Borgatti, 2005) and treated as their own small 

world. Ego networks are valued in terms of the ease of data collection relative to whole networks. The 

local network properties of each ego network are used to make statistically significant conclusions 

about the whole population (Everett & Borgatti, 2005). Single or multiple name generators and 

supplementary name interpreters are the standard methods to enumerate networks and delineate 

network characteristics and structure (Burt et al., 2012; Marin & Hampton, 2007). While used as 

standard field survey tools they suffer from network measure accuracy, administration time and 

respondent motivation problems (Marin & Hampton, 2007). Standard ego network measures are 

unable to differentiate between the two views and the limitations associated with current measures 

are well documented (Borgatti, 1997; Burt, 1992; Burt, Jannotta, & Mahoney, 1998; Kalish & Robins, 

2006). 

The availability of smartphone data enables researchers to study friendship networks at scale. These 

studies are known as whole networks or sociocentric design (Pescosolido et al., 2018). Data is collected 

on the presence/absence of ties of various kinds between members of a group defined by a specific 

boundary. Our study follows a sociocentric design. 
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3.3.6 Gender 

Gender refers to the biological and physiological characteristics that define men and women 

(VandenBos, 2015). 

 

3.3.7 Friendship network commitment to vote count 

Friendship network commitment to vote count is defined as the count of commitment to vote by 

members of the friendship network. 

 

3.4 Hypotheses 

The research model has seven (7) hypotheses in total for empirical testing. They are derived from gaps 

identified in the literature review (see Chapter 2). These hypotheses form three (3) distinct groups. 

Part A contains a single group with three (3) hypotheses (H1, H2A, and H2B) to predict the role of 

extraversion, internal political efficacy, and their combination in making a commitment to vote. Part B 

contains two groups with four (4) hypotheses, one group to predict the likelihood of female individuals 

in committing to vote (H3A, H3B). Second, to predict the influence of network connections and 

particularly those whom are extraverted in making a commitment to vote (H4A, H4B). 

Part A 

This part of the model focuses on the individual; their personality traits, political beliefs, and gender in 

predicting commitment to vote. Specifically, we are interested in the role played by extraversion and 

internal political efficacy independently, and whether there are any interaction effects when both 

attributes are combined. Lastly, seek to establish if being female matters for making a commitment to 

vote. 

 

3.4.1 Extraversion drives commitment to vote 

Our basic exploratory tendencies are guided by the personality traits of extraversion and openness-to-

experience (Vecchione & Caprara, 2009). In the literature review (see section 2.4.2), we outlined that 

extraversion is the most studied and consistently associated with political participation as those high 

in extraversion are drawn by the social engagement aspects of political participation (Gerber, A. et al., 

2011). For people high in extraversion this means they are more likely to vote and turnout, although 

the direct effect of personality on turnout is weaker (Gerber, A. S., Huber, G. A., Doherty, D., Dowling, 
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C. M., et al., 2011; Mattila et al., 2011). In contrast, Furnham and Cheng (2019) in a British study of 

7,135 cohort members found extraversion was numerically more highly correlated with political 

interest than voting, recognising a very small effect size. As expressed by Cawvey et al. (2017) the 

association is inconsistent. This illustrates that with only a limited number of studies carried out using 

surveys and panel data the available evidence is scarce (Gibney, 2018; Konnikova, 2016). More 

research is needed (see section 2.5). Lindell and Strandberg (2018) call for deeper analyses of the 

mechanisms between personality traits and political participation and between personality traits and 

other factos also neeed to be explored. As this is an open matter, we seek to examine as a foundation 

process the role of extraversion in an online social network context and how it influences commitment 

to vote. Therefore, it is hypothesised: 

H1: Highly extraverted individuals are more likely to commit to vote. 

 

3.4.2 Political Efficacy influences commitment to vote 

Internal political efficacy is the most salient and highly predictive of political participation among adults 

(Clarke & Acock, 1989; Scheufele & Nisbet, 2002). A clear link exists between political efficacy and 

propensity to vote, validated in political science and psychology over the last six decades: (Abramson 

& Aldrich, 1982; Almond & Verba, 1989; Beaumont, 2010; Campbell et al., 1960; Campbell et al., 1954; 

Craig, 1979; Craig & Maggiotto, 1982; Kenski & Jomini, 2004; Niemi et al., 1991; Southwell & Everest, 

1998; Verba et al., 1995). Internal political efficacy is a key driver of election turnout at a young age 

(Glasford, 2008; Moeller, de Vreese, Esser, & Kunz, 2014). The socialising effect of political involvement 

in the first elections predetermines political engagement throughout the life course (Sears & 

Valentino, 1997). Our understanding of how internal political efficacy relates to direct measures of 

mobilisation, particularly in new media contexts is limited. This is explained by prior research use of 

general measures of political efficacy and focus on information-related Internet use (see section 3.2.2). 

Where self-efficacy is high, a commitment to vote has performance enhancing effects under conditions 

of high cognitive load and goal difficulty (Oettingen, Wittchen, & Gollwitzer, 2013; Wieber, Odenthal, 

& Gollwitzer, 2010). A commitment to vote prevents resource depletion by enabling automated goal 

striving and behaviour control with minimal levels of deliberate effort by the individual (Oettingen et 

al., 2013). Additional benefits of making a commitment to vote may be realised when the specification 

of the intended behaviour is personalised (Adriaanse, de Ridder, & de Wit, 2009). Therefore, it is 

hypothesised: 

H2A: Individuals with high internal political efficacy are more likely to commit to vote. 
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3.4.3 Extraversion and political efficacy combined 

The link between extraversion and political efficacy in shaping political behaviour is well accepted. 

Extraverts display characteristics of optimism and confidence which shape higher levels of general 

personal efficacy; the belief their actions can achieve desired results (Gallego & Oberski, 2012) . This 

forms an important link in the role of political efficacy as a mediator of the relationship between 

extraversion and political participation (Vecchione & Caprara, 2009). Gallego and Oberski (2012) finds 

that extraversion affects voting through its substantial main effect on internal political efficacy, where 

extraverts are more likely to have higher levels of internal political efficacy necessary to increase the 

odds of voting. Extraverts are argued to respond more favourably to the potential social benefits of 

voting along with the opportunity to advocate for their preferences (Gerber, A. S., Huber, G. A., 

Doherty, D., & Dowling, C. M., 2011; Mondak & Halperin, 2008; Mondak et al., 2010). We examine a 

multi-attributed online social network perspective in shaping political behaviour that addresses the 

gap identified in the literature review (see section 2.5). Therefore, it is hypothesised: 

H2B: Individuals with combined high levels of extraversion and internal political efficacy are 

more likely to commit to vote. 

 

3.4.4 Females commit to vote more often 

We highlighted in the literature review (see sections 2.4.3 and 2.5) that gender has never been taken 

seriously in the study of political networks. This is despite gender differences in how personal networks 

are structured and associated social logics. In the USA since 1980, women have voted at higher rates 

than men and this gender voting gap grows larger with each successive election (Wang, 2014). Across 

western countries, shifting social norms, greater reliance on government services and left-leaning 

affiliations are possible explanations for this disparity (Chaturvedi, 2016; Inglehart & Norris, 2000; 

Rampell, 2016; Shorrocks, 2018). The effects of personality traits on turnout vary by gender with 

further study needed to estimate interaction effects more accurately (Wang, 2014). Therefore, it is 

hypothesised: 

H3A: Female actors are more likely to commit to vote 
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Part B 

The second part of the model explores whether there are differences in commitment to vote in 

network settings. We focus on same gender pairs. Then whether being connected to someone who 

has already committed to vote is important, and specifically if having extraverted friends matters.  

 

3.4.5 Female-pairs drive commitment to vote 

The decision of whether or how to vote is influenced by close social ties such as spouse, immediate 

family, or close personal friends (Watts, 2014). Online information diffusion is faster amongst friends 

than with strangers reflecting an individual’s balance of social attention across their personal networks 

(Backstrom, Bakshy, Kleinberg, Lento, & Rosenn, 2011). The affiliation motive facilitates social 

influence as people’s actions are shaped by innate, hardwired human social needs to belong, form 

meaningful interpersonal relationships, and sustain connections with others (Baumeister & Leary, 

1995; Contractor & DeChurch, 2014). When deprived of these bonds people experience aversive states 

of anxiety and depression, hence take action on the basis of affiliation, even when contrary to their 

underlying beliefs (Contractor & DeChurch, 2014). The avoidance of social sanctions in the group 

(Campbell, 2013) helps explain commitment to vote as a norm in ego networks. 

Women and men manage their social networks differently across the life course. Women favour same-

gender friendships (assortative mixing), organize in clusters for local network stability, reciprocate 

friendships more, and pursue fewer weak tie activities (Gallos, Rybski, Liljeros, Havlin, & Makse, 2012; 

Laniado, Volkovich, Kappler, & Kaltenbrunner, 2016; Mehta & Strough, 2009; Szell & Thurner, 2013; 

Yang et al., 2016). They prefer smaller number of extended, emotionally intimate dyadic interactions 

and pro-social behaviour in private settings (Bhattacharya et al., 2016; Laniado et al., 2016; Yang et al., 

2016). This investment in social grooming (bonding) strengthens social relationships necessary for 

acquiring cooperation from others (Takano & Fukuda, 2016). These all female ego networks are over-

represented in online and mobile communication network settings (Kovanen, Kaski, Kertész, & 

Saramäki, 2013; Laniado et al., 2016; Yang et al., 2016). A strong ‘female effect’ exists in tendency to 

form, and the stability of, female-only triads (Gallos et al., 2012; Wang, 2014). 

The coherence of female-only triads and disproportionate impact on network stability combined with 

the ability of females to mobilize other females faster than males mobilize other males may play a 

pivotal role in achieving social goals (Alstott, Madnick, & Velu, 2014; Wang, 2014). Short connectivity 

paths between same generation young people is well understood as the most effective conduits for 



81 

 

rapid spread of novel information, behaviours and practices (Dong et al., 2016). Therefore, it is 

hypothesised: 

H3B: Female only pairs are more likely to commit to vote 

 

3.4.6 Social conformity increases network commitment to vote 

Social pressure messages are an effective and generalizable technique for increasing voter turnout 

(Gerber et al., 2008, 2010; Gerber et al., 2017). They are usually mailed and primarily seek to invoke 

feelings of shame, a powerful driver of human behaviour, loss avoidance, and response to recurrent 

evolutionary threat of social devaluation (Kahneman, 2012; Scheff, 2000; Sznycer et al., 2016). Threats 

to publish abstainers’ names in local newspapers increased turnout by 6.9% compared to voters’ 

names with turnout levels of 0.9% and 4.7% (Panagopoulos, 2010). When either partisan or 

communitarian direct mail messages are combined with social pressure they are equally effective for 

increasing turnout (Condon, Larimer, & Panagopoulos, 2016). Fostering direct social interaction 

increases voter participation, and especially effective when campaign messages are delivered by a 

personal contact within the voter’s social network (Gerber & Green, 2013). The public act invokes 

strong conformity driven by the potential reaction of others within the social network (Cialdini & Trost, 

1998; Haenschen, 2015). Conformity relates to the need for social approval by exhibiting a desired 

behaviour (Deutsch & Gerard, 1955) determined as appropriate and correct towards the group based 

on social information rather than political information (Levitan & Verhulst, 2015). The likelihood of 

conformity increases with physical presence and unanimity of attitudes (Levitan & Verhulst, 2015) but 

psychological distance enhances susceptibility to group norms and majority opinions (Ledgerwood & 

Callahan, 2012). 

Social pressure also works online. In a 61-million person online experiment, exposure to the voting 

behaviour of friends on Facebook led to an increase in turnout of friends (Bond et al., 2012). 

(Haenschen, 2016) also found exposure to the social pressure of others on Facebook increased 

turnout. The effects were small but statistically significant. To extend the technique requires a design 

shift for mobile, social settings. These are guided by fast mode of thinking (Kahneman, 2012; Song, 

2013), conducive for altruistic and cooperative behaviour, and important in building strong 

communities (Fudenberg, Rand, & Dreber, 2012; Rand, Dreber, Ellingsen, Fudenberg, & Nowak, 2009). 

Ubiquitous smartphones are changing the way people communicate. Mobiles are being redefined by 

contextual computing; such affordances align with nudges (Scoble, Israel, & Benioff, 2014). Given 

cognitive network activation is a heuristic process (Brashears, 2013) subject to influence from 
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psychological and situational context, nudges may enable people to maximise the value of their 

network (Shea et al., 2015). Smartphones are habit-forming, repetitive checking habits that align 

external (notification) and internal (conformity) triggers forming time-dependent associations (Eyal, 

2014; Oulasvirta, Rattenbury, Ma, & Raita, 2012). Good triggers are actionable. Nudges activate both 

salience and value systems of the dopaminergic system and associated with variations in personality 

(DeYoung, C., 2015; DeYoung, 2013). To scale impact across networks we need to make the social 

process of habituation more consciously shared (Rowson, 2011). Therefore, it is hypothesised: 

H4A: An actor is more likely to commit to vote if their network partner commits to vote 

 

3.4.7 Extraverts seek influence over their friendship networks 

To understand the role of extraversion at a deeper level is to look beyond social pressure and social 

conformity. This involves exploring overlapping mechanisms of need for power, social contribution, 

status, and information accuracy. 

The desire to experience the reward of one’s own impact on others, and others on oneself, as aversive 

is known as the need for power (nPower), an implicit motivational disposition (McClelland, 1967; 

Schultheiss & Schiepe-Tiska, 2013; Schultheiss et al., 2008; Winter, 1973). The need for power is a 

highly intuitive ability to identify behaviours that work and promote or reinforce social success 

(Schultheiss & Schiepe-Tiska, 2013). Power-motivated individuals’ value appearing competent and 

intelligent to others, being perceived as charismatic, or learning context-specific skills (for example, in 

online contest conditions) (Schultheiss & Schiepe-Tiska, 2013). They acquire and employ a diverse 

range of sophisticated behaviours in their quest for impact. These behavioural strategies are attributed 

to striatum-mediated implicit learning (Schultheiss & Schiepe-Tiska, 2013). Implicit learning is the basis 

for social intuition, the array of complex yet largely automatic social cognition and behavioural 

adjustments made by individuals in response to social feedback and necessary for success in their 

interactions with others (Keltner, Gruenfeld, & Anderson, 2003; Lieberman, 2000; Stoeckart, Strick, 

Bijleveld, & Aarts, 2017). Extraversion is associated with higher positive affect which is mediated by 

social contribution and sense of power (Smillie, Wilt, Kabbani, Garratt, & Revelle, 2015; Takebe & 

Murata, 2016). Sun, Stevenson, Kabbani, Richardson, and Smillie (2017) suggests that extraverts derive 

pleasure from making a difference, or rather perceived influence more so than general sense of power 

explain elevated moments of happiness. 

In all social groups, attaining status is the primary and universal human motive, with high extraversion 

predictive of elevated status for both sexes and across time (Anderson, John, Keltner, & Kring, 2001; 
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Barkow et al., 1975; Hogan & Hogan, 1991). Groups give power, status and esteem to those advance 

the greater good (Keltner, 2016). Extraversion is strongly correlated with positive emotionality (Shiota, 

Keltner, & John, 2006). Power equips prosocial oriented individuals with enhanced ability to detect the 

emotions of other people accurately (Côté et al., 2011) and, where power affirms their identities, 

activate broader cognitive networks (Menon & Smith, 2014; Shea et al., 2015). Popular group members 

are found to have differences in neural valuation systems offering insights on how social status guides 

social behaviour and reinforces social network structures (Zerubavel, Bearman, Weber, & Ochsner, 

2015). 

The need for accuracy of information is a key human social motivation that triggers social influence as 

people look to others as to how to act correctly (Contractor & DeChurch, 2014). People seek 

information in two ways: observing what others are doing (social proof) or those with expertise or in 

positions of power (authority) (Contractor & DeChurch, 2014). This social learning is more efficient 

than learning from our own experiences and dominated by social network effects (Pentland, 2014). 

The direction and intensity of behaviour is conditioned by the attitudes and behaviours of others in 

their social network (Contractor & DeChurch, 2014). Pentland (2014) argues that social influence is 

central to constructing social norms that enable cooperative behaviour. Lastly, our ability to survive 

and prosper is equally attributable to social learning and social influence as much as assigned to 

individual rationality. Therefore, it is hypothesised: 

H4B: An actor is more likely to commit to vote if they have extraverted network partners 

 

3.5 Visualisation of Social Influence 

To help interpret the data with respect to the hypotheses, simple illustrations have been created below 

to visualise and distinguish potential social influence pathways using hypotheses H3A and H3B as an 

example. An individual person is represented as a solid black node, with corresponding gender 

annotated by F for Female and M for Male. The outer circle around a solid black node signifies the 

attribute of making a commitment to vote. 
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Example 1: Supports H3A but not H3B 

 

 

Example 2: Supports neither H3A nor H3B 

 

Example 3: Supports H3A but is unclear about 

H3B given H3A. 

This is important as we can’t infer H3B here 

because the whole effect may be due to H3A. 

 

Example 4: Supports H3A and, even given that, 

also supports H3B. 

Women are more likely than men to vote and 

women in female-only pairs are more likely to 

vote than other women. 

Figure 3-2: Social Influence by Hypotheses - Visualisation Example 

 

3.6 Conclusion 

This chapter introduced our research model intended for empirical testing of the research question on 

whether the personality traits drive online commitment to vote behaviour in social networks. The 

theoretical framework of personality traits, internal political efficacy anchored in social cognitive 

theory, and social influence using the social cohesion model form our foundation. Six constructs were 

presented and defined for personality traits, internal political efficacy, gender, commitment to vote, 

friendship network and friendship network commitment to vote count. This was followed by a 

discussion of our seven hypotheses and the enabling mechanisms that explain the relationships 

between the model constructs. Our research preferences scalable, unobtrusive, real world observation 
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of online social network behaviour given the significant role social media now plays in our society 

(Lazer, 2015). Consequently, our requirements dictate access to an existing or new digital product for 

data collection purposes. Recent trends by established social media platforms to restrict the amount 

of data for reasons of privacy have reduced opportunities for independent scientific exploration (Lazer, 

2015). In anticipation of such moves by industry and to enable greater flexibility for our investigation 

we opted to design, develop, and implement a digital product. Recall, that digital product refers to the 

research tool built to facilitate data gathering for the thesis. The theories and practices that shaped 

the creation of our digital product are covered in Appendix 2 on digital product development. The next 

chapter focuses on the research design, which includes application of the Autologistic actor attribute 

model for the study of social influence.  
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4 Network Social Intervention 

Chapter Outline: This chapter introduces the research design. This is important as it presents a novel 

strategy to operationalise our research model to investigate how an individual's personality traits and 

relationships with others affect their commitment to vote. 

The chapter has a companion primer covering political causality and networked experiments in 

Appendix 1. It explains the evolution of political methodology. A field historically focused on the 

individual; constrained by issues of lack of interdependence, depth, and network measurement. Next, 

we examine how digital technologies are transforming the study of human behaviour. This vibrant 

methodological space; from social media to online field experiments, the emergence of networked 

experiments as a gold standard, and future wave of smartphone research offers an exciting realm for 

the study of political networks. We argue that big data itself is no panacea (Grimmer, 2015), often 

lacking models and capacity to isolate causal mechanisms. 

We utilise this rich and specialised methodological literature as a roadmap that coalesces in our 

network social intervention. For our data collection, we present a novel, digital product that operates 

as a mobile first, social networking platform with embedded operationalised constructs. This digital 

product is deployed in partnership with target communities to map its network structure in advance 

of experimentation. The elements of our networked experiment peer encouragement design are 

explained in the data collection procedure. Finally, to analyse the networked data obtained we 

acquaint the reader with the Autologistic actor attribute model, an open statistical framework for 

testing network theories. 
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4.1 Introduction 

This chapter outlines our research design, also referred to as the network social intervention. The 

intervention operationalises our research model to explain social network effects in a community 

election and contribution of actor attributes in fostering commitment to vote behaviour. 

The study of human behaviour is undergoing a transformation. From the availability of large online 

platform data sets to smartphone data collection, there is an inexorable transition to smarter social 

science. The field of psychological science is moving away from laboratory studies with undergraduates 

towards more complex, real-world environments with diverse groups of people (Lombrozo, 2017). This 

new paradigm with major changes in scale, scope, and depth of analyses presents an array of new 

methodological implications, trade-offs, biases, strengths, and weaknesses (Tufekci, 2014a). 

Political science has yet to fully embrace the zeitgeist. The field anchored in the dominant paradigm of 

methodological individualism (Victor, Montgomery, & Lubell, 2017). Despite a long association 

between political networks and political behaviour, making clear causal inferences remains a challenge 

(Fowler, Heaney, Nickerson, Padgett, & Sinclair, 2011). To complement this chapter we have prepared 

a primer as Appendix 1 which discusses a range of methodological limitations and reiterates Padgett’s 

message that the future of systematic empirical research is not to be found in the traditional flat-file 

approach but in relational databases (Fowler et al., 2011). Online networked experiments are a 

promising way forward (Eckles & Bakshy, 2017). This approach enables social interactions and their 

environmental context to be studied experimentally (Parigi, Santana, & Cook, 2017). We build on the 

lessons and considerations of prior studies to inform our network social intervention design to produce 

insights that inform strategic decisionmaking (Aral, 2016b; Bakshy, Eckles, & Bernstein, 2014; Harari et 

al., 2016). 

Network social interventions are a synthesis of network interventions and social interventions. In the 

previous chapter, we defined network interventions as purposeful efforts where social networks or 

social network data used to identify individuals in a network that act as champions to influence and 

accelerate behaviour change, improve performance, and/or realise organisational, community, 

“as long as a branch of science offers an abundance 

of problems, so long is it alive; a lack of problems 

foreshadows extinction or the cessation of 

independent development” 

- David Hilbert, 1900 
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population goals (Valente, 2012). Social interventions harness social factors of observability that makes 

the individual’s behaviour observable to others and descriptive norms which provide information 

about others’ behaviour to the individual (Kraft-Todd, Yoeli, Bhanot, & Rand, 2015).  Social 

interventions form part of a growing literature of field experiments designed to promote cooperative 

behaviour outside the laboratory and are consistently proven to be highly effective (Kraft-Todd et al., 

2015). The synthesis of network interventions and social interventions is an emergent and promising 

research area for increased granularity and insights on causality in social phenomena like voting. 

The rest of the chapter is structured as follows: data collection method, data collection procedure, and 

statistical model. The data collection method provides a descriptive overview of the mobile 

application, operationalised constructs, and target community. For an expanded discussion about the 

digital product development process and supporting technical architecture for our purpose-built 

platform we refer the reader to Appendix 2. The data collection procedure covers aspects of 

recruitment, social network sampling and ethics. The final part explains our specialist statistical tool, 

the autologistic actor attribute model (ALAAM) which is used to examine social influence and related 

effects in promoting commitment to vote behaviour (Daraganova & Robins, 2013; Robins & Lusher, 

2012). We offer some concluding remarks before proceeding to the analysis and results chapter.  
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4.2 Data Collection Method 

We propose using a novel, digital product. The digital product itself is the research tool built to 

facilitate data gathering for the thesis. The digital product operates as a mobile first, social networking 

platform with embedded operationalised constructs deployed in partnership with a target not-for-

profit community organisation. This environment supports our proposed networked treatment in the 

form of a peer encouragement design. We provide a general description of the digital product 

employed and related functionality for in-vivo experimentation in an election context. Then, expand 

on the operationalised constructs as indicators embedded within the digital product. To close out, we 

define and discuss the role of the community partner. 

 

4.2.1 Mobile Platform 

We now live in a mobile first world (Google, 2016). Our smartphones enable us to get things done with 

users spending up to 3 hours per day on their devices (Google, 2016). Increasingly, Americans access 

multiple social media sites to source news (Grieco, 2017). These platform sites are distinctive and 

usage driven by age and socio-economic factors (Blank & Lutz, 2017). Each platform is an abstraction 

focused on individual users not communities. Evidently, our interests concern both and are 

inseparable. The purpose, design, and network data accessibility of current mobile platforms pose 

fundamental challenges to our research objectives. Inspired by Taylor (2013) that making your own 

data instead of downloading it equips scientists to make a bigger impact we took the more costly and 

risky road less travelled (Frost, 1975) and purpose built our own research tool. 

The digital product manifests as a mobile phone application (app) and operates as a social networking 

platform to better connect community members, increase participation, access political information, 

and improve transparency. The app is available in either Android or iOS, the main operating systems 

by market share. The user selects their preferred format and downloads free of charge from the 

relevant store (GooglePlay or AppStore). The app is installed directly on the user’s personal device. An 

account is created by the user using a personal email address and verified (see Appendix 2, Figure 9-

15). This serves as a unique and authenticated identifier (Chen & Konstan, 2015). The sign-up process 

requires the user to select the community institution they belong to, complete the Ten Item 

Personality Inventory (TIPI) survey, and specify their age and gender. User consent to participate in the 

study is also obtained at this point. 

The app offers a range of core functionality aligned with personal and social motivations of community 

members. These include: friendship connection, as well as tabs to provide functionality about news 



90 

 

feed, election, polls, and profile. The functionality is modular and, we discuss each separately. In the 

age of social media, the meaning of friendship has become distorted by larger social networks. These 

can be associated with major differences in platform design and linking practices (Ellison & Boyd, 

2013). The online world however does not cut through the cognitive constraints of natural social 

network sizes (Dunbar, 2016). Friendship exhibits a hierarchical layered structure, the inner layers 

being closer reflected by levels of interaction, shared interests, and intimacy (Hill, Bentley, & Dunbar, 

2008; Roese, 2017). The shared nature and function of social ties both offline and online means that 

online data is suitable to test theories of offline social networks (Bisbee & Larson, 2017). Our app relies 

on similar linking practices used by Facebook where users agree to become friends (symmetric linking) 

but adapted for fewer friends like WhatsApp based on the user address book (Ellison & Boyd, 2013; 

Kane, Alavi, Labianca, & Borgatti, 2014; Wortham, 2014). The capture of a relationship between friends 

is based on mutual assent rather than unilateral nomination and found to be superior where the 

underlying network is sparse (Lee & Butts, 2018). 

The news feed tab enables the user to access curated content published by the community 

organisation ranging from latest news, forthcoming events, and photo albums. All information is 

released as a common standard without any personalisation or algorithmic sorting. For screenshot see 

Figure 9-16. 

The election tab is functionality to support the community organisation annual election cycle. Users 

can view information on the election process and candidates. The latter can be filtered by contested 

positions, tickets they may belong to, or full scrollable list by name. All candidates have a profile with 

headshot and text-based description. A clock icon, when selected, enables the user to create a vote 

reminder by nominating the location, date, and time. This is added to the user personal device. 

Following completion of a vote reminder a user is invited to complete the Perceived Political Self-

Efficacy Short Form survey. All election-related content is posted by authorised officers of the 

community organisation and approved candidates/tickets/campaign managers via a secure web 

interface and in accordance with any election regulations. All data during the election is captured 

unobtrusively based on real-time user interaction within the app. No time restrictions or commitment 

levels are imposed on users. For screenshot see Figures 9-17. 

The polls tab is an interactive, time-restricted feature to capture community sentiment on pertinent 

issues or future challenges facing select or entire membership. Upon expiry of a poll deadline 

aggregate results of community preferences are displayed as a visualisation and analytics tool. The 

feature is designed as a feedback tool for community leaders to improve decisionmaking and 
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prioritisation of investments in current or future programs and services. For screenshot see Figure 9-

18. 

The final tab is the profile tab. Identity management is a key aspect of social media platforms. The user 

can upload a headshot; view current, pending, and invite new friendship connections; view current 

and join new community sub-groups, and monitor progress against daily tasks and activity level 

performance badges. Gamification in online social communities is to incentivise members and increase 

engagement. For screenshots see Figure 9-19. 

 

4.2.2 Construct Operationalisation 

The research model constructs are operationalised as reflective multi-item indicators (Table 4-2). All 

indicators are embedded within the mobile social network application. The indicators, as explained 

below, are categorised as actor attributes for statistical analysis. 

 

Indicators References 

Personality traits: Indicator is a user survey on how ten pairs of traits describe 

themselves using Big Five Ten Item Personality Inventory (TIPI). TIPI scores 

highly correlated with longer instruments 

Gosling et al. 

(2003); Romero, 

Villar, Gomez-

Fraguela, and 

Lopez-Romero 

(2012) 

Internal political efficacy: Indicator is a user survey of four items focused on 

the basic capacities needed to participate in representative democracy using 

the short form of the Perceived Political Self-Efficacy scale (PPSE-S). 

Caprara et al. 

(2009); Vecchione 

et al. (2014) 

Commitment to vote: Indicator is a mobile social network in-app vote plan 

with the user setting date, time, voting location and added to user phone 

calendar. 

Nickerson and 

Rogers (2010); 

Rogers et al. (2015) 

Gender: indicator refers to the biological and physiological characteristics 

that define men and women 

VandenBos (2015); 

WHO 

Friendship Network: indicator refers to the presence of a direct tie between 

members of the community 

Granovetter 

(1973);  Borgatti 
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(2016); Pescosolido 

et al. (2018) 

Friendship network commitment to vote: Indicator is the total sum of 

commitment to vote by members of the friendship network 

Nickerson and 

Rogers (2010); 

Table 4-1: Indicators 

 

Personality Traits Indicator 

The Ten Item Personality Inventory (TIPI) is a brief instrument to measure Big Five personality 

dimensions. Brief measures can stand as reasonable proxies for longer Big Five instruments, especially 

where research conditions dictate time and space in short supply (Gosling et al., 2003). The TIPI has 

somewhat diminished psychometric properties but reaches adequate levels in terms of: (a) 

convergence with widely used Big-Five measures in self, observer, and peer reports, (b) test–retest 

reliability, (c) patterns of predicted external correlates, and (d) convergence between self and observer 

ratings (Gosling et al., 2003). Only single, non-editable complete survey responses are recorded for 

each user. 

Internal Political Efficacy Indicator 

The indicator is the Perceived Political Self-Efficacy (PPSE) scale embedded in the general theory of 

personality. We use the short form instrument (PPSE-S) to assess political efficacy containing four 

items on a five-point Likert scale (Vecchione et al., 2014). The items focus on the individual’s belief in 

a few basic capacities crucial at all levels of political involvement (Vecchione et al., 2014). The 

unidimensionality of the PPSE-S is supported by results from confirmatory factor analyses (CFAs). 

Reliability and criterion validity of the PPSE-S is substantially equivalent to full-length scales (Vecchione 

et al., 2014). The PPSE-S expands the range of applications for research. Only single, non-editable 

complete survey responses are recorded for each user. 

Commitment to Vote Indicator 

The indicator of commitment to vote is a vote plan adapted for the mobile environment based on 

Nickerson and Rogers (2010). A voting plan (i.e. implementation intention formation) facilitates the 

fulfilment of goals. The user selects the date, time, voting location, and adds to their phone calendar. 

Prompting people to make concrete and specific plans makes people more likely to act on their good 

intentions (Rogers et al., 2015). 
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Gender Indicator 

The indicator is a user response during the account creation stage to select their gender category from 

either male, female, or other. 

Friendship Network Indicator 

The indicator is the presence of a direct tie between pairs of various kinds in the friendship network 

who are also members of the community.  

Friendship Network Commitment to Vote Indicator 

The indicator is a total sum count the commitment to vote by members of the friendship network. 

 

4.2.3 Community Partner 

The target population for our network social intervention is an established community. This section 

defines what a community is, the differences between online and offline forms, their relevance for 

political behaviour, motivations for adopting our digital product, and their role to support network 

data collection. 

Our focus is on purpose-driven communities that co-exist both in the real-world and online. Levine 

(2017) argues community is “something positive and valued, a goal to be achieved and a state to aspire 

to”. In terms of membership, “the community” is a symbolic boundary, a cultural process of 

categorization that reinforces the unequal distribution of resources (Bourdieu, 1984; Lamont & 

Molnár, 2002). As Sarason (1974) articulates “the psychological sense of community is the overarching 

criterion by which one judges any community development’’. Community organisations are pivotal to 

engaging people in civic and political action (Han, 2014). Organisations which communicate implied 

plans and cultivate relational conditions motivate participation and realisation of goals (Han, 2016; 

Levine & Kam, 2016; Neal, 2014). Networks play a significant role in the emergence and stabilization 

of social norms, communities, and social diversity (Han et al., 2017). The study covers voluntary, not-

for-profit community organisations that typically hold annual elections for governance. 

Online communities complement face-to-face interactions. Lampe, Wash, Velasquez, and Ozkaya 

(2010) argue user motivations to participate in online communities are driven by different reasons and 

can be explained through Uses and gratifications and Organisational commitment theories. 

Importantly, a sense of belonging is important for all types of uses across all types of users (Lampe et 

al., 2010). Community level loyalty is found to be associated with more inclusive and cohesive 

interactions (Hamilton, Zhang, Danescu-Niculescu-Mizil, Jurafsky, & Leskovec, 2017). Communities 
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with distinctive collective and highly dynamic identities are more likely to retain their users (Zhang, 

Hamilton, Danescu-Niculescu-Mizil, Jurafsky, & Leskovec, 2017). These typological findings intersect 

with a long line of research on the psychological manifestations of collective (or social) identity, and 

their relationship to user engagement (Lampe et al., 2010; Ren, Kraut, & Kiesler, 2007; Ren, Kraut, 

Kiesler, & Resnick, 2012). Beyond keeping people engaged, online communities are well suited to help 

change behaviour. To do so requires addressing the following psychological needs: the need to trust; 

the need to fit it; the need for self-worth; the need to be rewarded for good behaviour; and the need 

to feel empowered (Young, 2013). 

The target local community organisation is a voluntary, not-for-profit entity committed to delivering 

programs and services to its membership. The appeal of adopting a general-purpose mobile platform 

is to increase connectivity, participation, volunteering, and fundraising amongst its membership. The 

primary role of the collaborating organisation is the initialisation of the organic social network to 

collect network data (Eckles, Karrer, & Ugander, 2017; Parigi et al., 2017). This approach bypasses the 

ineffectiveness of network-based recruitment and voter data transformation priorities observed 

during campaigns (Hersh, 2015; Karpf, 2017a; Sifry, 2016). The other role is community management. 

The community partner is responsible for email communication, raising awareness and distributing 

invitations to participate in the research project, completion of key activities including encouraging 

connections between members, with basic actions of identifying 5-15 friends consistent with core 

networks outlined by Dunbar (2016). They will promote the research project election whereby 

community members imagine they are voters in the 2020 New Hampshire Democratic Primary on the 

11th February 2020. This is the second nominating contest as part of the Democratic Party primaries 

for the 2020 presidential elections. 

 

4.3 Data Collection Procedure 

The study has adopted a robust data collection procedure. It encapsulates the target population, target 

setting, population element, sampling frame, recruitment technique, timeframe, sample size, activity, 

sampling technique, network data gathered, network data analysis, data storage, and ethics. A 

summary is provided in the table 4-2 below. 
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Component Description 

Target population ICT job community 

Target setting State of Victoria, Australia 

Population element Tech entrepeneurs, university administrators, and enrolled 

students 18 and above years of age, smartphone user, installed 

mobile social network application 

Network boundary Group membership 

Sampling frame 850 ICT students, administrators, and entrepreneurs 

Recruitment technique Voluntary 

Time frame 1 month 

Sample size Estimate 10% app adoption rate equating to 85 participants 

Activity Participant tasks/activity for network data gathering 

Network sampling technique Sociocentric Census or snowball sampling, non-probability 

Network data gathered Multi-variable data stored on Neo4j graph database 

Network data analysis R language transformation script and MPNet statistical software 

Data Storage Multi-Cloud configuration – Melbourne and Nectar 

Ethics University of Melbourne EHEAG approved, Ethics ID: 1441638 

Table 4-2: Data Collection Procedure Summary 

 

4.3.1 Target population 

The target population are university ICT students, tech entrepreneurs, university administrators, and 

program affiliates. The ICT students and university administrators come from seven tertiary 

institutions that are members of the community. The inclusion of students as experimental 

participants is common in research. Although being a narrow data base elicits claims of limited 

generalisability of a causal inference to the mainstream population (Sears, 1986).  
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4.3.2 Target setting 

The target setting is situated in the Melbourne metropolitan area. Melbourne is the capital city of the 

State of Victoria, Australia. 

 

4.3.3 Population element 

The population consists of tech entrepreneurs, University administrators, and enrolled ICT 

postgraduate and research higher degree students of 18 and above years of age within the target 

setting. Each community member is assumed to own a personal mobile device with either the Android 

or iOS operating system. These two operating systems are dominant and account for 99.3% of global 

smartphone market share (Anon, 2018d). Individual members are required to download and install the 

mobile social network application on their smartphone and create a new user account with their 

personal university email address as a verifiable identifier. 

 

4.3.4 Network boundary and Dyadic Phenomena 

The network boundary specification is defined as members belonging to the ICT job community 

(Pattison, 1993). This is based on Laumann, Marsden, and Prensky (1989) realist approach for complete 

networks. Our interest is at the level of tie-type of friendship, as a one-mode network (Lazer & Wojcik, 

2017). For adults, friends are defined by face-to-face contact and its frequency (Hernández-Hernández 

et al., 2016; Sherman, De Vries, & Lansford, 2000). Through the lens of Borgatti, Brass, and Halgin 

(2014) four types of dyadic phenomena our research concerns social relations, interaction, and flow. 

 

4.3.5 Sampling frame 

Up to 850 students (in the age group of 18 and above), tech entrepreneurs, and University 

administrators will be eligible to download a novel, mobile application in support of the community 

election. Community members who consent and engage in the election via the app will be eligible to 

participate in the study. The gender ratio is estimated to be 70:30 male/female. 

 

4.3.6 Recruitment technique 

Online platforms have proven to be viable research platforms with numerous recruitment advantages 

over traditional samples (Antoun, Zhang, Conrad, & Schober, 2016; Buhrmester, Kwang, & Gosling, 
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2011; Mason & Suri, 2012; Rife, Cate, Kosinski, & Stillwell, 2016). Initial concerns over the validity of 

data collected over the Internet have been mollified and can reduce biases (Gosling, Vazire, Srivastava, 

& John, 2004). Facebook is a powerful data-recording tool for storing detailed demographic profiles 

and actual behaviour in the real-world (Kosinski, Matz, Gosling, Popov, & Stillwell, 2015; Wilson, 

Gosling, & Graham, 2012). Platforms will change but online social networking as a phenomenon is 

forecast to endure well into the future (Kosinski et al., 2015). 

Prior studies have used snowball sampling (Goodman, 1961) to convince Facebook users to invite 

friends to join studies with success. However, this strategy falls short of the gold standard of 

randomised sampling, and introduces biases (Kurant, Markopoulou, & Thiran, 2010). The composition 

of the sample can be disproportionately affected by the first participants (seeds) due to homophily 

(Kosinski et al., 2015; McPherson et al., 2001). We seek to build a known network structure in advance 

of the formal study period. The community partner organisation and platform company are jointly 

responsible for onboarding the membership, encouraging connections between friends, and indirectly 

participant recruitment. 

 

4.3.7 Timeframe 

The participant activity period will be 1 month.  

 

4.3.8 Sample size 

It is estimated that 10% of the total community network population will download the app and consent 

to participation in the study. Mobile attrition can be high reducing retention. Given the novelty and 

short duration we believe 80 participants will engage with the app during the timeframe. 

 

4.3.9 Activity 

An activity program was implemented to gather network data from participants in the sampling frame. 

This activity program was scheduled as part of a common themed, series of member events organised 

separately by the target ICT job community. During these public events, registered members were 

briefed on the research project, where we provided a general outline of the study’s purpose to 

investigate leadership and engagement using social networks to support bottom-up change. Further, 

to identify network leaders initially in an election context. Given the interests of the community and 
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to frame the election setting, we we aked them to imagine they were voting in the next New 

Hampshire presidential primary in 2020 and an election policy of networked job creation. 

All members were informed of what was involved with participation. This included the six simple steps 

associated with the mobile app: 1) download, sign-up, and account verification; 2) completing the 

personality; 3) completing the political efficacy survey; 4) connecting with friends; 5) how to set a vote 

reminder (commitment to vote); and 6) selecting their gender (iOS only). Further, members were told 

this was an approved study, all personal data and privacy was to be safeguarded, participation was 

free, and a personal smartphone was needed. After each public event briefing, a personal email was 

sent same day to registered members with the identical information, and hyperlinks to explanatory 

videos for the six steps and the mobile app pages in respective Appstore and Google Playstore. A 

reminder email was sent a week later. 

 

4.3.10 Network Sampling technique 

Gross and Jansa (2017) explain in the social sciences the goal of whole network studies is to collect a 

census. Random sampling of nodes or dyads is simply futile. Unlike sampling theory (Hansen, Hurwitz, 

& Madow, 1953), no sampling theory for networks exists (Granovetter, 1973; Gross & Jansa, 2017). 

Given the small sample size we are undertaking a whole network or sociocentric study. In practical 

terms this means the whole graph can be handled using in-memory systems for analysis. In the event 

where the sample is too large then snowball sampling techniques are to be used (Coleman, 1958; 

Goodman, 1961). A technique used to generate a sample of nodes in a network using the network 

structure itself (Hasan, Neville, & Ahmed, 2013). We adopt the snowball sampling described in 

Pattison, Robins, Snijders, and Wang (2013) which differs from Goodman (1961) where a fixed 

maximum number of ties for each node can be followed to find a node in the next wave (Stivala, 

Koskinen, Rolls, Wang, & Robins, 2016).  

 

4.3.11 Network data gathered 

Five distinct network data points are collected as a result of the activity described in 4.3.9. For each 

user we record their friendship connections, personality scores, internal political efficacy scores, 

gender selection, and commitment to vote. All data is captured and stored on our Neo4j graph 

database (for further information on Neo4j see section 9.8.4).  
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4.3.12 Network data analysis 

To help with the analysis of the network data gathered and stored on the Neo4j graph database several 

steps are performed.  We use a transformation script written in the R language which converts the 

GraphML file from Neo4j into the format required for MPNet which uses separate text format files. 

These include an adjacency matrix file that represents the fixed network structure, and nodal attribute 

files. For a detailed discussion on the MPNet statistical tool, data preparation, and raw data generation 

please see sections 4.4.2, 4.4.3, and 5.1, respectively. 

 

4.3.13 Data Storage & Privacy 

The National eResearch Collaboration Tools and Resources project (Nectar) is an online infrastructure 

designed to support researchers in national and international collaboration, share ideas, achieve 

research outcomes, and ultimately make an impact on society (Nectar, 2017). The Nectar Cloud 

platform is used for our research to manage compute, storage, database, mobile application, analytics, 

and deployment services. The technical architecture is configured on the Melbourne node under the 

distributed national infrastructure, and later reallocated and migrated to the Melbourne Cloud. A 

multi-cloud strategy was adopted to ensure performance and availability. 

Participant data collection is voluntary and unobtrusive. Data is captured remotely from the 

participant’s own device during the election period. No data is stored locally. The data is transmitted 

and stored on designated servers provisioned by Nectar Cloud, and later allocated Melbourne Cloud 

instances. Post research filesystem and application-layer encryption for each Neo4j database will be 

applied. In accordance with University data management policies all consented data will be stored, 

analysed, maintained, and disposed five years after last publication. We recognise the challenges 

associated with privacy of socially contagious attributes (Rezaei & Gao, 2019). 

 

4.3.14 Ethics 

All data handling and research methods for the Project (Ethics ID: 1441638) were approved by the 

University of Melbourne EHEAG (Engineering Human Ethics Advisory Group). The Project covers 

different types of organisations that are voluntary member-based associations requiring elections. 

These include university associations and clubs, grassroots community groups, representative bodies, 

and professional bodies, or equivalent. Confidentiality and data transfer agreements were jointly 

executed by the company and the University of Melbourne to preserve privacy rights of users. The goal 
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of the company is to promote engagement with the mobile social network application. It also works 

closely with researchers to ensure recruitment and other forms of engagement with participants are 

voluntary and nonintrusive (Parigi et al., 2017). 

 

4.4 Statistical Model, Software, and Data 

In this section we introduce our preferred statistical model, the specialised software package for its 

implementation, and how data is prepared in order to harness insights from this statistical framework. 

 

4.4.1 Autologistic actor attribute model 

The statistical model selected is the Autologistic Actor Attribute Model (ALAAM) used to examine 

social influence and related effects (Daraganova & Robins, 2013; Robins, 2013, 2015). This class of 

cross-sectional  network models takes a fixed network structure, and helps us to understand how the 

position of an individual in a social network may constrain their behaviour and also by the behaviour 

of others they are connected to in the network (Daraganova & Robins, 2013). 

The diversity and homogeneity of political affiliation, cultural differentiation, or product adoption in 

networks is driven by the tension between influence and selection (Kempe et al., 2016). To distinguish 

social influence models from social selection models Robins, Elliott, and Pattison (2001) proposed a 

class of autologistic actor attribute models (ALAAM). They focus on modelling a distribution of 

attributes across a fixed network of relational ties. The intent to produce insight into the consequences 

of diffusion (Daraganova & Robins, 2013). The models investigate the extent patterns of social relations 

among individuals may be associated with shared opinions and/or similar behaviour (Daraganova & 

Robins, 2013). 

The ALAAM model represented in mathematical terms, is to specify a probability for observing the 

attribute for each possible observation: 

Pr(𝑌 = 𝑦|𝑋 = 𝑥) =
1

𝑘(∅𝐼)
exp {∑∅𝐼𝑧𝐼(𝑦, 𝑥, 𝑤)

𝐼

} 

Where ∅𝐼 and 𝑧𝐼 are parameters and statistics for network-attribute configurations, in which the 

“configuration” 𝐼  is defined by an interaction of dependent attribute variables (y), network variables 

(x), and covariate (w) variables, and 𝑘(∅𝐼) is a normalizing quantity which ensures a proper probability 

distribution (Daraganova & Robins, 2013).  
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The starting premise in this class of models is simple. The attribute of an individual may depend on and 

potentially influence the attributes of others (Durlauf, 2001). An attribute of interest is a dependent 

stochastic variable measured at the level of an individual, whereas a network-tie variable is an 

independent fixed variable measured at the level of the dyad (Durlauf, 2001). This is where the models 

are different. ERGMs model ties, given the attributes, and ALAAMs model an attribute, given the ties 

(and other attributes)(Daraganova & Robins, 2013). While these models differ in explanatory and 

response variables, both are models for a class of mutually interdependent variables likely dependent 

on another class of exogenous variables. 

ALAAMs require dependence assumptions to be accurately specified as these determine the form of 

configurations parameterized in the model (Daraganova & Robins, 2013). For different model 

specifications (configurations, statistics, and parameters) and their interpretation see Daraganova and 

Robins (2013). There are several sets of dependence assumptions: 1) the independence assumption, 

2) the network position assumption, 3) the network attribute effects, and 4) the covariate effects. 

Under the third assumption we highlight the “partner-partner attribute triangle” where a positive 

value for the parameter indicates contagion within groups rather than dyads. An ALAAM confers an 

advantage, in that some or all assumptions can be combined in one model and tested simultaneously 

(Daraganova & Robins, 2013). A limitation is the model does not take account of strength of ties.  

ALAAMs aim to identify attribute (behaviour, attitudes, or beliefs) clustering in the network 

(Daraganova & Robins, 2013). The outcomes are modelled while accounting for network 

dependencies. The models are extensible, from relations between individuals to those of network ties, 

shared membership, and physical proximity (Daraganova & Robins, 2013). Further, moving beyond 

binary relations to valued relations, the latter defined by the functional form between relationship 

strength and probability of observing an attribute (Daraganova & Robins, 2013). ALAAMs have been 

applied for the study of unemployment (Daraganova & Pattison, 2013); social learning (Kashima, 

Wilson, Lusher, Pearson, & Pearson, 2013); social science researcher performance (Letina, 2016); 

weight-loss (Song, Jin, Liu, & Yan, 2019), and drug uptake (Fujimoto et al., 2019). 

 

4.4.2 Software Tools 

ALAAM uses the MPNet software and documentation (Wang, Robins, Pattison, & Koskinen, 2014) and 

UCINET (Borgatti, Everett, & Freeman, 2002) for the statistical analysis. MPNet implements Markov 

Chain Monte Carlo Maximum Likelihood estimation algorithm as proposed by Snijders (2002). This is a 

Stochastic Approximation algorithm using the Robbins-Monro procedure (Robbins & Monro, 1951). 

http://www.melnet.org.au/pnet/
https://sites.google.com/site/ucinetsoftware/home
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MPNet can handle binary, continuous, categorical nodal attributes, as well as dyadic attributes for 

network ties as covariates (Wang, P. et al., 2014). 

 

4.4.3 Data Preparation 

To carry out ALAAM statistical tests, the MPMet software has specific data requirements. MPNet only 

accepts one form of input file: Raw matrix and attribute data. Other network and attribute file types 

can be transformed to Raw data types by UCINET (Borgatti et al., 2002). An integrated network and 

attribute VNA file is typically prepared using the step-by-step guide in the MPNet User Manual (Wang, 

P. et al., 2014) and PNet for Dummies (Harrigan, 2007) as illustrated in Table 4-3. 

 

# Step Breakdown 

1 Preparing matrix and attribute 

files 

Attribute Data 

• Create Excel file with attributes 

• Use Excel formulas to create VNA file 

Matrix Data 

• Make VNA file of matrix data 

• Paste into attribute data VNA file 

Creating Raw Matrix and Attribute files 

• Import VNA file 

• Export as RAW Matrix and EXCEL Attribute 

• Cut and paste Binary, Continuous, etc attributes into 

own RAW files. 

• Put files into their own folder and make a copy called 

‘originals…’ 

2 Make an excluded 

configurations file (to prevent 

degeneracy) 

• Select parameters and set up estimation 

• Set "Subphases" to zero. Press "Start". 

o Open the file labelled "start-statistics-[your 

session name]". 

o Select all the text after "****This graph 

contains:****" and before "*Graph Density:". 

o Copy into new Excel document, 

o Delete the blank row 

o Save as "Excluded Configurations [experiment 

name]" 

o Insert a row where configuration missing and 

type name of missing configuration. 

https://sites.google.com/site/ucinetsoftware/home
https://www.researchgate.net/publication/254659817_Pnet_for_Dummies_An_Introduction_to_Estimating_Exponential_Random_Graph_P_Models_with_Pnet
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o In PNet: deselect the excluded configurations 

3 Run an Estimation • Reset the number of sub-phases to 5. Press Start. 

• If has t-statistics lower than 2 for most values, and 

lower than 4 for all values AND it is better that your 

current parameter estimates, then press "update". 

• Repeat, while: 

o doubling the MF for each estimation run. 

o Generally 200-600 is high enough to fit most 

models. 

o If it is not fitting with runs of 500 or 1000, but 

is getting close (say all numbers less that 0.2-

0.5, then set the number of runs to, say 20, 

and then leave the computer to run over 

night. 

4 Causes of unreasonable 

parameter estimates and 

standard errors 

• High values for all estimates, SEs and t-statistics 

• Rare configurations 

• Separation 

• Reference category for a set of dummy variables 

• Interactions 

• Other problems 

5 Goodness of Fit • re-enter all the data in the "Goodness of Fit" tab in 

PNet 

For large number of nodes: 

• select all other parameters, except "new parameters" 

For low density networks: 

• adjust number of iterations to approx number of 

edges x 1,000,000 

Table 4-3: Running an Estimation (Summary) 

 

Compared to most research cases involving social network analysis, we have an advantage of 

working directly with stored graph data. Therefore, our dataset can be directly exported from the 

Neo4j graph database as a GraphML file. Any data cleaning operations required can be performed 

before and after export. For the internal political efficacy attribute, the four scores recorded for each 

user are combined to create a single, average score for each user. An R language transformation 

script is then used to convert the GraphML file into the format required for the MPNet software tool 

described above. Four text format files are generated: 1) friendship connections are translated into 
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an adjacency matrix which represents a fixed network structure, then nodal attributes files for, 2) 

personality and internal political efficacy scores (continuous); 3) gender (binary); and 4) commitment 

to vote (binary). These files can be directly inputed for use in the MPNet software and relevant 

configurations selected for statistical testing. 

 

4.5 Conclusion 

This chapter covered the research design for our network social intervention. It operationalises the 

research model to explain social network effects in a community election setting and social influence 

and related effects associated with actor attributes. 

Despite a long association between political networks and political behaviour making clear causal 

inferences remains a challenge (Fowler et al., 2011). The reliance on survey data from national 

probability samples to draw causal inferences about an individual’s social network on political 

behaviour acts as an impediment (Fowler et al., 2011). Surveys are unable to account for four issues: 

small size, identification, recall and truthfulness, and contextual effects (Fowler et al., 2011). How 

people perceive their networks are structured can be biased by memory and not accurately depict 

actual behaviour (Harari et al., 2016). Self-reported behaviour data is noisy with a variety of systemic 

biases (Lazer & Radford, 2017). 

We live in a new social world, increasingly where our social interactions are mediated by digital 

systems (Lazer & Radford, 2017; Parigi et al., 2017). Our ability to observe dynamic social systems will 

revolutionize core constructs of sociology, such as interaction, collective action, expression, and 

diffusion of behaviour (Boyd & Crawford, 2012; Golder & Macy, 2014; Watts, 2011). Enabling us to 

bypass enduring struggles in measuring social ties and harness behavioural data to observe social 

networks through interactions (Bernard, Killworth, Kronenfeld, & Sailer, 1984; Lazer & Radford, 2017; 

Marsden, 1990). Smartphone based social structures when combined with any other data (eg. self-

report surveys) offer more powerful, versatile, and granular models of behaviour (Harari et al., 2016; 

Miller, 2012). 

Our study uses smartphones as an unobtrusive behavioural observation tool. The longitudinal design 

allows for network data collection on every day social behaviour within target communities and related 

election context. Operationalised constructs are embedded within the mobile application downloaded 

onto the participant’s own device. This ensures self-reports and behavioural data have high fidelity 

and ecological validity (Raento, Oulasvirta, & Eagle, 2009). Beyond the technology affordances we 

discussed procedural specifics of data collection: target population, target setting, population element, 
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sampling frame, recruitment technique, timeframe, sample size, sampling technique, data storage and 

ethics. This serves as a foundation to make causal inferences in line with our research goals. 

We introduced the social influence model called the autologistic actor attribute model (ALAAM). 

ERGMs model ties given the attributes, where ALAAMs differ is to model an attribute given the ties 

(and other attributes) (Daraganova & Robins, 2013). The different model specifications and their 

interpretation are highlighted. 

Our research is enabled by a novel, digital product that manifests as a mobile social networking 

application. Smartphone-based research requires new skills in app development and system 

components (Harari et al., 2016). Appendix B provides an in-depth technical account that traverses the 

design, development, architecture, and deployment of the mobile social network application. The next 

chapter discusses the data analysis and results of our network social intervention.  
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5 Data Analysis and Results 

This chapter provides the analysis and results for real-world data collected against our research model. 

In our community network of seventy-four people we find several effects that are statistically 

significant in determining commitment to vote. First, high internal political efficacy is a significant 

predictor. Second, there are interaction effects when extraversion and internal political efficacy are 

combined. Lastly, commitment to vote is found to be contagious. The chapter is structured as follows: 

we first provide a pre-specification of the way the research analysis is performed prior to collection 

and examination of cross-sectional observational data. The pre-analysis plan explains data collection, 

statistical model specifications, software tools, and how hypotheses will be tested. The target 

community results are then presented. We describe the sample size, actor attributes, and network 

features. The structural and network-attribute predictors on commitment to vote are examined before 

reporting results for actor attribute effects. A detailed account of these results is described by each 

hypothesis. 

 

5.1 Data Collection 

The observational data collected is digital trace data. The digital product, which refers to our purpose-

built research tool, captures all variables and covariates for our study (see Appendix 2 for full 

description of the digital product). There are no data exclusion rules. Users mandatorily complete their 

personality, profile, age, and gender. Users are encouraged to complete the internal political efficacy 

survey. The commitment to vote instrument is optional. Friendship connections follow a reciprocal 

invite/accept format. The raw data generation for actual variables is summarised below in Table 5-1. 

 

 

 

“The “trick” is to develop formal mathematical 

definitions that have known graph theoretic 

properties, and also capture important intuitive 

and theoretical aspects of cohesive subgroups.” 

- Katherine Faust, 1994 
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Variable Instrument Description Data Type Capture 

Personality Traits TIPI Score for each of 
5 personality 
dimensions 

Continuous Numerical 

Internal Political 
Efficacy 

PPSE-S Likert score for 
each of 4 
questions 

Continuous Numerical 

Commitment to 
Vote 

Vote Plan Self-selected: 
date, time, 
location for 
election 

Binary Not Completed: 0 
Completed: 1 

Individual Account creation Verified 
institutional 
email 

Binary Not Completed: 0 
Completed: 1 

Gender Account creation Self-selected Binary Male: 0 
Female: 1 

Friendship 
Network 

Neo4j Symmetrical 
connections 
 

Binary Not Completed: 0 

Completed: 1 

Friendship 
Network 
Commitment to 
Vote 

Neo4j Count Discrete Aggregate 

Table 5-1: Raw Data Generation 

 

5.2 Statistical model specification – Predictors, Models, and Hypotheses 

The research model uses a single statistical model, an Autologistic Actor Attribute Model (ALAAM). 

ALAAMs are regarded as social influence models that predict an individual-level outcome based on the 

actor’s network ties, concurrent outcomes of his/her network partners, and attributes of the actor and 

his/her network partners (Daraganova & Robins, 2013). 

The Autologistic actor attribute models that form this study contain two kinds of predictors: structural 

and actor attribute effects (Daraganova & Pattison, 2013; Daraganova & Robins, 2013). 

The structural and network-attribute effects are based on the friendship ties formed on the digital 

platform. These relationships are treated as symmetrical and analysed as undirected. 

We also consider some potentially relevant actor attributes as control variables. There are thirteen 

(13) actor attributes included in the model. These include five (5) personality traits, internal political 
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efficacy, combined five personality traits and internal political efficacy, gender, and commitment to 

vote. 

ALAAM allows us to examine different tie formations and attributes at the local level. These are 

considered in our models as parameterized configurations and summarised in Table 5-3 with assigned 

name, statistic, and the research question answered in the study adapted from Daraganova and Robins 

(2013). We look at network position effects, network-attribute effects, and covariate effects models. 

Network position effects is where influence arises through general levels of interaction activity in a 

network rather than through interaction with specific others with given attribute status (Daraganova 

& Robins, 2013). Network attribute effects refers to a range of parameters with differences in social 

activity of network partners who display the behaviour within dyads or groups (Daraganova & Robins, 

2013). Covariate effects is where another predictor attribute pertains to a node or its network partners 

(Daraganova & Robins, 2013).  

A black node signifies that the node has the outcome attribute (here, commitment to vote), a gray 

node may or may not have the outcome attribute (Daraganova & Robins, 2013). 

 

No Parameter 

Name 

Statistic Configuration Description Test 

Hypotheis 

Structural and network-attribute effects  

1 Attribute 

density 

∑𝑦𝑖
𝑖

 

 

 

 

What is the 

baseline 

probability of 

making a 

commitment to 

vote in the 

network? 

 

2 Activity ∑𝑦𝑖
𝑖

∑𝑥𝑖𝑗
𝑗

 

 

 

 

Is an individual 

who has 

committed to vote 

more or less likely 

to be connected to 

others locally? 

 



109 

 

(Dependence of 

commitment to 

vote on number of 

network partners). 

3 Contagion ∑𝑦𝑖𝑦𝑗𝑥𝑖𝑗
𝑖<𝑗

 

 

 

 

Dependence of 

commitment to 

vote on network 

partner’s commit 

to vote. (Are you 

more likely to 

commit to vote if 

you network 

neighbour is?) 

H4A 

4  

Actor-2-star 

∑𝑦𝑖 ∑𝑥𝑖𝑗𝑥𝑖𝑘
𝑖<𝑘𝑖

  

 

Nonlinear 

dependence of 

commitment to 

vote on number of 

partners. 

 

 

5 Actor-3-star ∑𝑦𝑖 ∑ 𝑥𝑖𝑗𝑥𝑖𝑘𝑥𝑖𝑙
𝑗<𝑘<𝑙𝑖

  Nonlinear 

dependence of 

commitment to 

vote on number of 

partners. 

 

 

 

 

6 Actor 

triangle (T1) 

∑𝑦𝑖 ∑𝑥𝑖𝑗𝑥𝑖𝑘𝑥𝑗𝑘
𝑗<𝑘𝑖

  

 

Does being in a 

closed structure 

increase or 

decrease the 
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probability of 

making a 

commitment to 

vote? 

7 Partner-

attribute 

triangle (T2) 

∑𝑦𝑖𝑦𝑗𝑥𝑖𝑗𝑥𝑖𝑘𝑥𝑗𝑘
𝑖,𝑗,𝑘

  

 

Actor triangle 

(closure) with two 

actors who have 

committed to 

vote. Structural 

equivalance within 

a cohesive block of 

equivalent nodes.  

 

8 Partner-

partner 

attribute 

triangle (T3) 

∑𝑦𝑖𝑦𝑗𝑦𝑘𝑥𝑖𝑗𝑥𝑖𝑘𝑥𝑗𝑘
𝑖,𝑗,𝑘

  

 

Actor triangle 

(closure) with all 

three actors 

committing to 

vote. Contagion 

within groups 

rather than just 

dyads. 

 

Actor-attribute effects  

10 Attribute 

covariate 

(continuous) 

∑𝑦𝑖𝑤𝑖

𝑖

  

 

Does high 

extroversion / 

internal political 

efficacy predict 

making a 

commitment to 

vote? 

H1, H2A, 

H2B 

11 Attribute 

covariate 

(binary) 

∑𝑦𝑖𝑤𝑖

𝑖

  Does female 

gender predict 

making a 

H3A, H3B 
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Table 5-2: Parameterized Configurations 

Notation: i, j…k – actors in the network: i – ego; j – his/her alters; yi, yj – outcome binary attribute for 

actors i, j; xij, xik, xjk – the presence of ties between two actors; wi – binary or continuous attribute of 

an actor i. 

Legend for configurations: Black node – actor with the outcome attribute (commitment to vote). Grey 

node-alter with or without the attribute. 

Results 

The statistical results of our study are presented as follows. We provide a description of the sample 

data: size, actor attributes, and network. These are summarised in Table 5-3 and 5-4 respectively. The 

structural and network attribute effects are then presented. Before outlining results of the actor 

attributes by each hypothesis. 

Sample description 

Over the data collection period, from a cold start to cut-off, 84 participants downloaded the app and 

signed-up for an account. Of these 84 participants there were 10 participants who failed to verify their 

commitment to 

vote? 

12 Partner 

covariate 

(continuous) 

o_Oc 

∑𝑦𝑖𝑤𝑖

𝑖,𝑗

𝑥𝑖𝑗   

 

 

Dependence of 

commitment to 

vote on network 

partner’s 

continuous 

attribute 

(extraversion). 

Does high 

extraversion in a 

network 

neighbour 

increase an actor’s 

commitment to 

vote? 

H4B 
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account. These participants were subsequently removed from the data sample. The final sample size 

used for analysis included 74 participants. Based on the sign-up flow 96% of participants completed 

the personality traits survey with 71 records captured of this actor attribute. The mean scores captured 

are comparable to norms according to (Gosling et al., 2003).  In relation to gender all verified 

participants made a binary selection. For the actor attribute of internal political efficacy there were 61 

surveys successfully completed. Lastly, for the vote plan actor attribute 40 participants made a 

commitment to vote. These are summarised in Table 5-3. 

 

N Actor Attributes Type Frequency Mean Mdn SD Skew Min Max 

74 Personality Traits Continuous 71 - - - - - - 

 Extraversion Continuous - 4.22 4 1.59 -0.57 0 7 

 Emotional 
Stability 

Continuous - 4.73 5 1.51 -1.32 0 7 

 Conscientiousness Continuous - 5.29 5.5 1.62 -1.56 0 7 

 Openness to 
Experience 

Continuous - 5.59 6 1.52 -2.05 0 7 

 Agreeableness Continuous - 4.61 4.5 1.44 -1.25 0 5 

 Internal Political 
Efficacy (Average) 

Continuous 61 2.71 3.25 1.50 -0.81 0 5 

 Extraversion x 
PPSE 

Continuous - 12.44 12.63 8.29 0.22 0 33.25 

 Emotional 
Stability x PPSE 

Continuous - 13.71 15 8.82 -0.05 0 35 

 Conscientiousness 
x PPSE 

Continuous - 15.21 16.5 9.35 -0.30 0 32.5 

 Openness to 
Experience x PPSE 

Continuous - 16.08 17.5 9.56 -0.37 0 35 

 Agreeableness x 
PPSE 

Continuous - 12.92 14.31 8.07 -0.17 0 29.75 

 Gender Binary 
Male 0 
Female 1 

74 
46 (62%) 
28 (38%) 

- - - - - - 

 Vote Plan Binary 
Not 
Completed 
0 
Completed 
1 

74 
34 
40 

- - - - - - 
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Table 5-3: Sample Description 

Network Description 

Our network contains 74 nodes with 200 ties. The community network density is quite sparse with 28 

components and the majority (63.5%) found in the main component. The average degree centrality is 

2.703. The community network is not well connected reflected in the low transitivity score. The full 

description is summarised below in Table 5-4. A visualisation of the network was generated using 

UCINet 6 for Windows and illustrated below in Figure 5-2. 

 

Indicators Results 

N nodes 74 

N ties 200 

Density 0.037 

Diameter 3 

N nodes in main 
component (%) 

63.5 

Components 28 

Mean degree 2.703 

SD degree 0.189 

Max degree 31 

Clustering coefficient 0.583 

Transitivity 0.236 

Average distance 2.35 

Table 5-4: Network Descriptives 
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Figure 5-1: Network Visualization 

Exploring and Relating Model to Network Data 

Parameter Interpretation 

Parameters for models of the distribution of actor attributes are interpreted by observing the positive 

(negative) values (Daraganova & Robins, 2013). As with standard logistic regression, negative 

parameter values connote a negative relationship between the predictor and the probability of being 

above median in making a commitment to vote (Daraganova & Pattison, 2013). Conversely, positive 

parameter values connote a positive relationship. The Attribute-Density effect is equivalent to the 

intercept in the logistic regression  (Daraganova & Pattison, 2013). Significant parameters are marked 

by an asterisk (Daraganova & Pattison, 2013). 

Goodness of Fit (GOF) 

We use the Goodness-of-fit procedure to explain whether the specified model represents important 

network structures of graph features well (Robins & Lusher, 2013). The Goodness-of-fit procedure 

shows t-ratios are less than 0.1 in magnitude for all fitted effects and less than 0.6 in magnitude for 

the effects not fitted by the model (Daraganova & Pattison, 2013; Robins & Lusher, 2013). This is 

interpreted to be an acceptable fit. In each table we display the Goodness-of-fit t-ratio statistic in a 

dedicated column titled by model (#) (t-ratio). The Goodness-of-fit t-ratio is a measure of the fit of the 

model. 
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Structural Effects of Commitment to Vote 

Our starting point for analysing commitment to vote is to first examine structural or network effects, 

which refers to the effects of our community network. Where structural effects are found to be 

significant then a particular tie configuration is more likely to be important alongside consideration of 

other effects included in the model (Letina, 2016). 

Given our network sample we tested several models for convergence. Due to the small sample size the 

number of observed triangles, where three actors were connected to each other, was insufficient for 

convergence and thereby we were unable to test the parameters: T1, T2, T3. As a result, we removed 

these parameters and refocused our analysis on three (3) simple, stable, and graduated models for 

structural and actor-attribute effects. In Model 1 we start with attribute-density, activity, and 

contagion effects. Model 2 builds on the base model by adding Ego-2Star effects. Model 3 extends the 

previous model by including Alter-2Star1 and Alter-2Star2 effects. 

For the base case, Model 1, when only structural effects are considered, along with attribute density, 

the effect of contagion is a significant predictor in the community network. The positive contagion 

effect indicates that being connected to someone who makes a commitment to vote makes it more 

likely that an actor will also commit to vote. When additional parameters were tested in Models 2 and 

3, the Attribute Density effect persists yet the contagion effect disappears. This indicates the contagion 

effect is weak. The GOF statistics for the fitted effects in Models 2 and 3 indicate the precision of our 

samples may have insufficient power for the test to detect the effect (Robins & Lusher, 2013). These 

results are summarised in Table 5-5. 

 

Parameter Model 1 
Estimate (SE) 

Model 1 
(t-ratio) 

Model 2 
Estimate (SE) 

Model 2 
(t-ratio) 

Model 3 
Estimate (SE) 

Model 3 (t-
ratio) 

Attribute 
Density 

-0.8395 
(0.374)* 

-0.046 -0.8611 
(0.384)* 

-0.028  -1.2008 
(0.422)* 

0.111 

Activity -0.3042 
(0.307) 

-0.006 -0.2278 
(0.408) 

-0.06  -0.1312 
(0.593) 

0.102 

Contagion 0.9854 
(0.448)* 

-0.021 0.9062 
(0.494) 

-0.043 0.2144 
(0.697) 

0.107 

Ego-2Star - - -0.0054 
(0.03) 

-0.113  0.0131 
(0.094) 

0.036 
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Alter-2Star1 - - - - 0.0134 
(0.148) 

0.135 

Alter-2Star2 - - - - 0.0587 
(0.181) 

0.121 

Table 5-5: Structural Effects on Commitment to Vote 

Part A 

H1 – Attribute Effect of Extraversion 

Beyond structural effects we are also interested in actor attribute effects. Our first hypothesis 

examines whether highly extraverted individuals are more likely to commit to vote. From our dataset 

we are interested in estimates for the parameters attribute density and actor attribute of extraversion.  

Attribute density refers to the baseline probability of the attribute of making a commitment to vote 

being present, the intercept or attribute frequency (Daraganova & Pattison, 2013). Our single model 

for parameter estimates converged with neither reaching any level of statistical significance at the 

individual level in determining commitment to vote. The results are summarised in Table 5-6. 

 

Parameter Model 1 
Estimate (SE) 

Model 1 (t-ratio) 

Attribute Density -0.3404 (0.686) 0.067 

Actor Attribute - 
Extraversion 

0.1173 (0.152) 0.09 

Table 5-6: Attribute Effect of Extraversion (Individual Level) 

H2A – Attribute Effect of Internal Political Efficacy 

The second hypothesis turns our focus to whether the actor attribute of internal political efficacy is a 

predictor of making a commitment to vote at the individual level. We are interested in estimates for 

the parameters of attribute density and the actor attribute of internal political efficacy. Our converged 

model finds that attribute density and internal political efficacy are significant predictors for an 

individual to commit to vote. These results are summarised in Table 5-7. 

 

Parameter Model 1 
Estimate (SE) 

Model 1 (t-ratio) 
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Attribute Density -1.1293 (0.535)* 0.01 

Actor Attribute – 
Internal Political 
Efficacy 

0.4775 (0.175)* 0.091 

Table 5-7: Attribute Effect of Political Efficacy (Individual Level) 

We are also interested in exploring potential social influence effects of the internal political efficacy 

actor attribute in determining commitment to vote. We expanded our analysis to examine this 

parameter in our three models. Across all three models attribute density maintains a level of statistical 

significance in determining commitment to vote. The parameter for contagion is significant in the first 

model. However, while the parameter values in Model 2 and 3 show the effect faded away. For all 

other parameters (including internal political efficacy) our tests failed to detect any effects of statistical 

significance. These results are summarised in Table 5-8. 

 

Parameter Model 1 
Estimate 
(SE) 

Model 1 (t-
ratio) 

Model 2 
Estimate 
(SE) 

Model 2 
(t-ratio) 

Model 3 
Estimate 
(SE) 

Model 3 
(t-ratio) 

Attribute 
density 

-1.7641 
(0.656)* 

-0.057 -1.7875 
(0.624)* 

0.003 -2.0445 
(0.665)* 

0.095 

Activity -0.3565 
(0.251) 

0.083 -0.3288 
(0.416) 

0.061 -0.3199 
(0.677) 

0.085 

Contagion 0.9544 
(0.379)* 

0.08 0.9373 
(0.478) 

0.054 0.3778 
(0.763) 

0.075 

Ego-2Star - - 0.0000 
(0.041) 

0.009 0.0171 
(0.11) 

0.061 

Alter-2Star1 - - - - 0.0569 
(0.191) 

0.057 

Alter-2Star2 - - - - 0.003 
(0.229) 

0.054 

Actor 
Attribute – 
Political 
Efficacy 

0.4001 
(0.212) 

-0.091 0.3835 
(0.201) 

0.007 0.3544 
(0.200) 

0.083 

Table 5-8: Attribute Effect of Political Efficacy (Network Level) - Supplementary 

H2B – Attribute Effect of Extraversion and Internal Political Efficacy Combined 
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The next step was to understand if there was any interaction effects occuring when the actor attributes 

of personality traits and internal political efficacy are combined to increase the likelihood of making a 

commitment to vote. The hypothesis specifically examines the attributes of extraversion and internal 

political efficacy independently and when combined. There are multiple effects that reach statistical 

levels of significance in determining an individual to make a commitment to vote. These include the 

attribute density, internal political efficacy, and combination of extraversion x internal political 

efficacy. The actor attribute of extraversion alone is not important, which is concordant with the 

results for H1. The results are summarised in Table 5-9. 

 

Parameter Model 1 
Estimate (SE) 

Model 1 (t-ratio) 

Attribute density -3.7333 (1.792)* -0.012 

Actor attribute - 
Extraversion 

0.6436 (0.404) -0.012 

Actor attribute – 
Internal Political 
Efficacy 

1.755 (0.611)* -0.036 

Actor Attribute – 
Extraversion x PE 

-0.2931 (0.127)* -0.043 

Table 5-9: Attribute Effect of Extraversion x Political Efficacy (Individual Level) 

We expanded our analysis to examine interaction effects for combined actor attributes of extraversion 

and internal political efficacy across our three models. In contrast to our original hypothesis we find 

attribute density effect to be statistically significant for only Model 2. There was an initial contagion 

effect in Model 1 that faded away in later models. The actor attribute of internal political efficacy is 

statistically significant for Models 1 and 2. The combination of actor attributes extraversion and 

internal political efficacy are found to be important in Model 2 in determining commitment to vote. 

These results are summarised below in Table 5-10. 

 

Parameter Model 1 
Estimate 
(SE) 

Model 1 (t-
ratio) 

Model 2 
Estimate 
(SE) 

Model 2 
(t-ratio) 

Model 3 
Estimate 
(SE) 

Model 3 
(t-ratio) 

Attribute 
density 

-3.864 
(1.963) 

-0.119 -4.0108 
(1.723)* 

-0.124 -2.7497 
(1.604) 

0.011 
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Activity -0.4214 
(0.252) 

0.041 -0.3743 
(0.462) 

-0.038 -0.1941 
(0.489) 

0.042 

Contagion 1.0234 
(0.398)* 

0.018 0.9717 
(0.545) 

-0.041 0.3107 
(0.661) 

0.043 

Ego-2Star - - 0.0003 
(0.051) 

-0.077 0.0074 
(0.051) 

0.027 

Alter-2Star1 - -  - - -0.0126 
(0.111) 

0.056 

Alter-2Star2 - -  - - 0.0781 
(0.138) 

0.036 

Actor 
Attribute – 
Extraversion 

0.5494 
(0.444) 

-0.125 0.574 
(0.416) 

-0.118 0.2259 
(0.400) 

0.021 

Actor 
Attribute – 
Internal 
Political 
Efficacy 

1.5428 
(0.638)* 

-0.098 1.578 
(0.603)* 

-0.094 0.9883 
(0.595) 

0.104 

Actor 
Attribute – 
Extraversion x 
PE 

-0.2678 
(0.138) 

-0.111 -0.2749 
(0.135)* 

-0.092 -0.1513 
(0.131) 

0.047 

Table 5-10: Attribute Effect of Extraversion x Political Efficacy (Network Level) 

H3A – Attribute Effect of Gender (Female) 

The third hypothesis explores the role of gender in determining a commitment to vote. Part A 

examines whether the actor attribute of female gender increases the likelihood of an individual 

committing to vote. We found no effects for attribute density or female gender that are statistically 

significant. These results are summarised in Table 5-11. 

 

Parameter Model 1 
Estimate (SE) 

Model 1 (t-ratio) 

Attribute density 0.0814 (0.285) 0.116 

Actor Attribute – 
Gender (Female) 

0.1842 (0.474) 0.052 

Table 5-11: Attribute Effects of Gender (Female) 
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Part B 

H3B – Attribute Effect of Gender Pairs (Female) 

Part B extends our analysis by examining social influence of gender pairs in determining a commitment 

to vote for our three models. The parameter estimates for our third model did not converge and was 

subsequently removed. For both model 1 and model 2 the attribute density and contagion parameters 

were found to be statistically significant as predictors of making a commitment to vote. The actor 

attribute of gender did not reach a level of statistical significance. We believe this may be due to 

insufficient data, given there was only 16 observations, to support any effect. Further research in a 

larger sample could examine this effect more comprehensively. These results are summarised in Table 

5-12. 

 

Parameter Model 1 
Estimate (SE) 

Model 1 
(t-ratio) 

Model 2 
Estimate (SE) 

Model 2 
(t-ratio) 

Attribute 
density 

-0.9043 
(0.421)* 

-0.071 -1.0628 
(0.427)* 

0.001 

Activity -0.3199 
(0.218) 

0.100 -0.2323 
(0.406) 

-0.007 

Contagion 0.9861 
(0.347)* 

0.077 0.9394 
(0.463)* 

-0.013 

Ego-2Star - - -0.0068 
(0.033) 

-0.069 

Actor 
Attribute – 
Gender 
(Female) 

0.3383 
(0.524) 

0.089 0.4502 
(0.563) 

0.023 

Table 5-12: Attribute Effect of Gender Pairs (Female) 

H4A – Structural and network attribute effect of Network Partner Commitment to Vote 

The fourth hypothesis examines, in the first part, structural and network effects associated with a 

network partner committing to vote. The estimates for the parameters attribute density and contagion 

were found to be statistically significant predictors in determining a commitment to vote. This suggests 
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that if your friend commits to vote it increases the likelihood that you will also vote. These results are 

summarised in Table 5-13. 

 

Parameter Model 1 
Estimate (SE) 

Model 1 (t-ratio) 

Attribute density -0.8447 (0.349)* -0.008 

Activity -0.2907 (0.263) 0.021 

Contagion 0.9654 (0.400)* 0.025 

Table 5-13: Structural Effect of Contagion 

H4B – Attribute Effect of Extraverted Network Partners 

We build on Part A to examine whether there are actor attribute effects from the extraversion level of 

network partners in determining a commitment to vote. To explore the properties of our model the 

extraversion parameter uses the partner covariate. Our results do not find any statistically significant 

effects for the actor attribute of extraversion and other parameter configurations. These results are 

summarised in Table 5-14. 

 

Parameter Model 3 
Estimate (SE) 

Model 3 (t-ratio) 

Attribute density -1.1848 (0.445) 0.0148 

Activity -0.7525 (1.198) 0.0334 

Contagion 0.715172(0.552) 0.0305 

Star2 -0.2191 (0.248) 0.0414 

Star3 0.0331 (0.069) 

 

0.1190 

 

Actor Attribute – 
Extraversion 

0.2538 (0.245) 0.0399 

Table 5-14: Attribute Effect of Extraverted Network Partners 

Conclusion 

This chapter provided the analysis and results of our study. We found significant structural effects of 

commitment to vote in the form of contagion. Further, at the individual level, internal political efficacy 
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is significant in determining commitment to vote. For individuals with both high levels of extraversion 

and internal political efficacy this was also found to be a significant predictor of commitment to vote. 

As a snapshot, our analysis supports three of our seven hypotheses. These are summarised below in 

Table 5-15. 

 

ID Description Outcome 

H1 Highly extraverted individuals are more likely to 
commit to vote 

Not Supported 

H2A Individuals with high internal political efficacy are 
more likely to commit to vote 

Supported 

H2B Individuals with combined high levels of 
extraversion and internal political efficacy are more 
likely to commit to vote 

Supported 

H3A Female actors are more likely to commit to vote Not Supported 

H3B Female only pairs are more likely to commit to vote Not Supported 

H4A An actor is more likely to commit to vote if their 
network partner commits to vote 

Supported 

H4B An actor is more likely to commit to vote if they 
have extraverted network partners 

Not Supported 

Table 5-15: Outcome by Hypothesis 

We now move onto our next chapter for a more detailed interpretation and discussion of the results. 
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6 Discussion 

This chapter presents our claims to new knowledge. We present our argument based on the digital 

trace data collected during the real-world experiment. The discussion is structured by hypotheses in a 

sequential order. We describe the results and how they relate to the literature. Then further discuss 

how it affects our original hypothesis. To round out each section we touch upon what this means for 

practice. As our network model is a representation of complexity that seeks to connect the micro to 

the macro, we discuss how our findings provide insight on the social processes that may be responsible 

for driving political behaviour at the community level. The intent is to also draw distinctions between 

selection and influence dynamics, thereby understand the balance between network structure and 

human agency. In doing so also identify any important inconsistencies with our results and how they 

may relate to the literature. This research design is naturally subject to various limitations. We 

highlight four groups: real world representation, survey accuracy, statistical analysis, and 

generalisability. These are discussed in terms of their potential impact on our findings, how they could 

be improved in future research, and relative to emerging methodological trends. The objective is to 

refine and build a stronger foundation for computational social science. Lastly, we conclude by 

summarising our findings matched by clear claims to knowledge. This is then followed by the final 

thesis chapter on the Conclusion. 

 

6.1 Main Argument 

In this section we outline our core argument that the personality trait of extraversion combined with 

internal political efficacy underpins online commitment to vote in social networks. The trait is 

associated with cognitive exploration and linked to the dopaminergic reward system in the brain. 

Alone the trait role is indirect, yet when the dopamine reward system is activated using digital tools it 

predicts internal political efficacy. This combination of high extraversion and internal political efficacy 

drives online commitment to vote. We found the adoption and spread of this nudge can be contagious 

“The machine does not isolate man from the great problems 

of nature but plunges him more deeply into them” 

- Antoine de Saint-Exupery, Wind, Sand, and Stars 

““Science must, over the next 50 years, learn to deal with 

these problems of organized complexity.” 

—Warren Weaver, 1948 
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and, like the act of voting, is explained by social conformity. Due to the small sample size we were 

unable to establish gender differences in making a commitment to vote. Further, the relationship 

between personality traits and social influences was inhibited by measurement difficulties attributed 

to the capabilities of the available software tool and absence of related null hypotheses. However, this 

remains an exciting frontier for championing theoretical and methodological advancements. We 

discuss each hypothesis to illustrate how our argument has been shaped. 

 

Part A 

Highly extraverted individuals are more likely to commit to vote (H1) 

Our original premise was that highly extraverted individuals were more likely to commit to vote. The 

results found that while the actor attribute of extraversion has a positive relationship it was not 

significant in determining commitment to vote. 

There remains a high degree of ambiguity in the literature about the contribution of extraversion to 

political behaviour. Extraversion along with openness-to-experience are the personality traits most 

consistently associated with political participation (Gerber, A. et al., 2011; Gerber, A. S., Huber, G. A., 

Doherty, D., & Dowling, C. M., 2011; Gerber, A. S., Huber, G. A., Doherty, D., Dowling, C. M., et al., 

2011). The preferences and attitudes of extraverts is towards social interaction and abiding by social 

norms (Mondak, 2010). Highly extraverted people actively seek out social stimulation and 

opportunities for engagement with others (Wilt & Revelle, 2016). Eysenck’s (1967) theory of 

personality helps describe and explain extraversion by the underlying cortical arousal. The theory 

predicts that extraverts require more external stimulation to reach an optimal level of cognitive 

performance, whereas in comparison introverts are easily stimulated (Küssner, 2017). Our study relies 

on engagement with a mobile app. This provides limited pathways for social stimulation and social 

interaction that typically sought by extraverts. Further, the mobile app is situated in a saturated digital 

environment that competes for the scarce attention of participants. Extraverted participants 

consequently may prioritise other opportunities rich in external stimuli, including face-to-face-

interactions, that satisfy and reinforce tendencies for sociability, assertiveness, and positive 

emotionality (Weisberg et al., 2011). 

Beyond base explanations of how external stimuli are handled by personality traits, it is also important 

to discuss our results given the relations between personality traits and context specific achievement 

goals (McCabe, Van Yperen, Elliot, & Verbraak, 2013). The commitment to vote is an implementation 

intention, a self-regulatory strategy in the form of an if-then plan for better goal attainment (Gollwitzer 
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& Sheeran, 2006). It forms the when, where, and how portions of goal-directed behaviour, in this case 

the future event of voting on election day (Gollwitzer, 1999). Gerber, A. et al. (2011) argued that 

extraverts voted more often compared to other personality traits based on validated voter turnout. 

However, this contradicted studies by Mondak and Halperin (2008) and Mondak (2010). Similar with 

earlier studies, our null results did not find support for a relationship between extraversion and 

commitment to vote. 

According to Liu and Campbell (2017) the big two metatraits of extraversion and openness to 

experience were the strongest predictors of social media activities. We carried out supplementary 

analysis to our hypothesis to determine whether other personality traits predicted commitment to 

vote. We uncovered that openness to experience and agreeableness as being significant. Openness to 

experience had a positive relationship, in contrast for agreeableness the relationship was negative. 

The attribute density was not found to be significant. Openness to experience/intellect broadly relates 

to the capacity and interest to attend to and process complex stimuli (Weisberg et al., 2011). There 

are no gender differences associated with openness to experience at the domain level (Weisberg et 

al., 2011). To help interpret our results we recognised that our community sample skewed male. There 

is support in the literature where previously it was found that openness to experience increased male 

turnout but decreased female turnout (Wang, 2014). Further, in the same study the personality traits 

of conscientiousness and emotional stability significantly increased female turnout. As the original 

hypothesis concerns the role of extraversion, we discuss alternative explanations for our null result. 

The trait-goal relation offers a way to understand which traits are enacted for goal attainment. In terms 

of goal attainment, this is defined by affectionate and specific dispositions, and by a valuation of 

objects according to their performance and particularism (Sciortino, 2015). The personality state is a 

concept to find out which actual traits people enact in their everyday life (McCabe & Fleeson, 2016). 

States are referred to as having the same behavioural, affective, and cognitive content that correspond 

to the trait over a shorter duration (Gundogdu et al., 2017). The effect of goals on states has been 

shown to be a causal effect (McCabe & Fleeson, 2016). The purpose of extraversion is primarily to 

facilitate people having fun; connecting with, and entertaining other people (McCabe & Fleeson, 

2012). The purpose of extraversion is misaligned with the goal orientation of making a commitment to 

vote. Despite our misdirected hypothesis, our results provide an early indication of the potential link 

between the personality trait of openness to experience and commitment to vote, as a self-regulated 

strategy for the specific goal of voting in a community network context. 

The use of a digital platform provides insight on the distribution of personality traits across social 

networks. This information on trait distribution is of importance for electoral practice. It equips 
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electoral authorities and political campaigns alike with the antecedents, enactment pathways for goal 

realisation, and capacity to increase message targeting and effectiveness in voter turnout. 

 

Individuals with high internal political efficacy are more likely to commit to vote (H2A) 

Alongside personality traits our study investigates the role of political self-efficacy (internal political 

efficacy) in predicting political participation. Internal political efficacy relates to self-competence. The 

belief of an individual that they understand and have the ability and resources to influence and achieve 

results through participation in the political process (Caprara et al., 2009).  

Our results found internal political efficacy has a positive and significant relationship in determining 

an individual making a commitment to vote. In our extended network analysis, we examined internal 

political efficacy and other tie configurations. The attribute density remains statistically significant 

across all models. The attribute density parameter relates to the baseline probability of commitment 

to vote being present, in other words, the intercept or frequency of commitment to vote (Daraganova 

& Pattison, 2013). The estimates for the actor attribute of internal political efficacy is consistently 

positive across all models. However, the statistical significance of this attribute in determining 

commitment to vote faded compared to our analysis of individual’s only. The results also suggest that 

internal political efficacy is contagious. Social contagion refers to the spread from one person to 

another of ideas, attitudes, or behaviour patterns through imitation or conformity (Colman, 2015; 

Easley & Kleinberg, 2010). In this context, it means the probability of making a commitment to vote is 

greater if network partners have high internal political efficacy. Although, there was not enough 

support to demonstrate statistical significance. 

Firstly, our findings on the causal relationship between self-efficacy and commitment to vote replicate 

prior research in the psychology field (Wieber et al., 2010). The extension of this mechanism and how 

it relates to the context of voting requires some unpacking. To date studies have not shown any clear 

relationship between internal political efficacy and voting (Reichert, 2016). These studies have largely 

relied on longitudinal cross-national surveys (eg. American National Election Studies) that record 

intention to vote, reported turnout, and validated turnout (Achen & Blais, 2016; Karp & Banducci, 

2008; Niemi et al., 1991; Reichert, 2016). Intention to vote which is usually only three questions 

(Yes/Probably/No) has become a popular precampaign proxy for turnout (Achen & Blais, 2016; 

Hillygus, 2005). But it is equally viewed with suspicion as it doesn’t equate to behaviour (Achen & Blais, 

2016; Hillygus, 2005). In recent years there has been a shift towards studying political efficacy in the 

digital space (Ognyanova & Ball-Rokeach, 2015; Pang, 2018). 
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Nickerson and Rogers (2010) and Costa et al. (2018) have tested implementation intentions in field 

studies using pledges to vote/vote plans as part of mobilisation efforts to increase voter turnout. These 

experiments utilise paper-based instruments. Online vote pledge pages also increasingly feature as 

part of political campaign GOTV strategies. 

The underlying contribution and impact of our results are both theoretical and methodological. The 

use of a digital platform to capture a real-world social network enables us to observe and better 

understand the interplay of internal political efficacy and commitment to vote. We have successfully 

established a novel, digital bridge between an individual belief state and behavioural driven future 

goal. The use of a direct measure of campaign mobilisation was first proposed as a superior approach 

for investigation by Gallego and Oberski (2012). The digital bridge is independent of the time 

sensitivities associated with the electoral cycle. It offers unrealised affordances to observe and explore 

how voter behaviour is influenced by changes in the relational, temporal, and environmental context 

with the onset of election day and actual performance of the act of voting. The use of short form, 

validated instruments anchored in psychological theory (Caprara et al., 2009; Gosling et al., 2003; 

Vecchione et al., 2014) that are suitable for being embedded in digital products delivers further 

benefits of measurement accuracy, scalability, and probability of research success. 

The predictive relationship between internal political efficacy and commitment to vote needs to take 

account of the local environmental context. The study was performed in Australia where compulsory 

voting is an established social norm. Notwithstanding this, trust in government and democracy is 

declining in line with global trends. There is an ongoing and immediate need to invest in further 

research to better understand the distribution of internal political efficacy, raising efficacy levels, social 

and geospatial factors, and how this evolves into pathways to actual voting on election day. 

 

Individuals with combined high levels of extraversion and internal political efficacy are more likely to 

commit to vote (H2B) 

This current hypothesis jointly examines whether the actor attributes of extraversion and internal 

political efficacy increase the likelihood of making a commitment to vote. Results from previous two 

hypotheses serve as reference points for interpreting individual political behaviour. 

The combination of extraversion and internal political efficacy was found to be significant in predicting 

an individual making a commitment to vote. This persists when other tie configurations are included 

with only the attribute density being significant in the 2nd Model. There was a predictive effect for 
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contagion in the 1st model but this faded away in the other models. Our results support the original 

hypothesis. 

In relation to the literature, specifically the mediation hypothesis, Gallego and Oberski (2012), argued 

that none of the personality traits affect the probability of voting directly, although extraversion, 

conscientiousness, and openness to experience were fully mediated by other variables in their model. 

Even by harnessing the extraversion’s purpose for fun, connections, and entertainment these can 

serve to increase levels of internal political efficacy. However, the combination of extraversion with 

internal political efficacy was not predictive of voting by (Gallego & Oberski, 2012; Mondak & Halperin, 

2008). Conscientiousness is related to disciplined control over impulses and task-and-goal oriented 

behaviours. Persons that are more conscientious believe voting is a duty thereby more likely to vote 

(Gallego & Oberski, 2012). Given the local context where voting is compulsory this is relevant. 

Openness to experience is one of the main predictors of political efficacy, and entirely mediates the 

relationship between openness to experience and political activities (Vecchione & Caprara, 2009). The 

trait is associated with differences in reward value for cognitive exploration (Gallego & Oberski, 2012). 

The last point is especially pertinent for our network intervention. The mobile app activates cognitive 

processes in the participant when completing the personality traits, internal political efficacy surveys 

and for the vote plan to conceptualise an IF/THEN future state of making a commitment to vote. 

Smartphones are designed with feedback loops that target the dopaminergic reward system to enable 

ongoing usage (Montag et al., 2017; Parkin, 2018; Wang, 2017). Dopamine is a chemical in the brain 

that motivates behaviour and orients us to the future, particularly rewarding social stimuli (DeYoung, 

2013; Haynes, 2018; Lieberman & Long, 2018). The neurotransmitter dopamine predicts individual 

differences in the cognitive exploratory tendency central to openness to experience and intellect 

(DeYoung, C. G., 2015b; DeYoung et al., 2011; Käckenmester, Bott, & Wacker, 2019). Openness to 

experience and extraversion together form a higher order personality factor known as plasticity, which 

is directly influenced by global levels of dopamine (DeYoung, 2013). Extraversion is the trait most 

commonly linked to dopamine as a driver of cognitive exploration and sensitivity to reward (Depue & 

Collins, 1999; Smillie, 2013). We posit that user interaction via the digital medium enables us to detect 

a previously undetected association between extraversion, internal political efficacy, and voting 

behaviour. 

What our results make is an effective link and more granular perspective on personality traits, internal 

political efficacy, and a direct measure of mobilisation. The design of campaign tools to mobilise and 

increase voter turnout should be experiential, engaging and factor in the antecedents of political 

behaviour. By understanding the distribution of personality traits, internal political efficacy, and their 
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combined effects we can take steps to improve targeting for increased engagement, behaviour 

change, and voter turnout. 

 

Female actors are more likely to commit to vote (H3A) 

The first part of our hypothesis is centred on gender differences in the likelihood to commit to vote. 

We postulate that female actors relative to their male counterparts exhibit a higher likelihood to 

commit to vote in advance of an election.  

For our community election, we ran a model that included the dependent binary variable of 

commitment of vote, and predictors of attribute density and the covariate of gender as a binary 

variable. The attribute density captured 40 observations of participants commitment to vote. While 

the parameter estimate is positive it was not found to be significant. Alongside, we used female gender 

as a covariate with 16 observations of commitment to vote. The parameter estimate is positive 

however was not yet found to be significant. 

The result is at odds with prior research findings. The literature argues there are clear gender 

differences in voter turnout (Lowen, 2019). According to the CAWP (2019) and Hartig (2019) in recent 

elections women are consistently found to exercise the right to vote in much greater numbers and 

higher percentages than their male counterparts. In real terms, women have cast between four to 

seven million more votes than men in recent elections (CAWP, 2019). This holds true across all 

ethnicities and for ages from 18 to 64 (CAWP, 2019). Across most democratic societies this gender gap 

in voting has been observed over the last 10-20 years (Bergh, 2007; Studlar, McAllister, & Hayes, 1998). 

Despite the cross-national nature of this phenomenon, a cross-national explanation continues to elude 

scholars (Bergh, 2007). Research indicates the rise of a strong feminist consciousness, that women’s 

political attitudes are shaped by perceptions of their future being connected by what happens to other 

women, or ‘gender-linked fate’ (Bergh, 2007; Ruppanner, Stout, Mikolajczak, & Kretschmer, 2019). The 

sense of connectedness amongst women is more pronounced in the current moment on the left side 

of politics (Ruppanner et al., 2019). This realignment in electoral behaviour with women moving to the 

left of men has been underway since the early 1980s (Inglehart & Norris, 2000). The sense of gender-

linked fate is contingent on two dimensions: race and marital status (Stout, Kretschmer, & Ruppanner, 

2017). White women tend to display weaker levels of gender-linked fate and vote for conservative 

parties (Jaffe, 2018; Ruppanner et al., 2019).  

In light of the literature, while our results do not currently support the hypothesis, reflections on why 

and next steps are appropriate. Three important factors help explain: the sample gender composition 
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(female 38%) and low number of those making a commitment of vote (25% female). This low 

participation rate has a direct impact on our ability to draw inferences on the contribution of gender 

to making a commitment to vote. Secondly, this was a simulated election. The artificial setting lacked 

the emotional connection that is instrumental in driving voting behaviour for women and men (Suttie, 

2018). Importantly, the dopamergenic reward system is more sensitive to prosocial rewards in women 

than men (Soutschek et al., 2017). Jacquet et al. (2018) argue that human susceptibility to social 

influence is partly calibrated by perceived vulnerability to environmental risks. 

Further, given the Australian setting of our study, voting in elections is a social norm and compulsory 

for all citizens over the age of 18. The community under investigation, however, contained a diverse 

range of participants from different ethnic backgrounds, typically international students who may 

originate from countries that don’t follow the democratic tradition. 

What this means for practice is that further research is strongly recommended in a larger community 

size, with gender parity, and ideally in a real-world election context. We believe that a follow-up study 

will find a statistically significant trend that accords with our knowledge of female voting behaviour. 

 

Part B 

Female only pairs are more likely to commit to vote (H3B) 

The second part of our hypothesis focuses on same-gendered pairs and their likelihood to commit to 

vote. Our results found the attribute density parameter to be significant. This relates to the baseline 

probability of the commitment to vote attribute being present, the intercept or attribute frequency 

(Daraganova & Pattison, 2013). However, there was insufficient data to support an effect for gender 

as a predictor of commitment to vote. It is important to note the positive estimate for gender while 

not significant was based on only 16 observations, or 25% of all users who committed to vote, with 

females accounting for 38% of the community. A non-significant positive estimate was also reported 

for contagion. 

On a prima facie basis, the results are consistent with the literature on gender differences and social 

conformity. Historically, numerous studies have postulated that conforming with social pressure cues 

would be stronger among women than men; yet support for gender differences ranges from little to 

no evidence (Weinschenk, Panagopoulos, Drabot, & van der Linden, 2018). Our findings reaffirm no 

support for gender differences in conforming to social pressure within the gender-neutral, prosocial 

act of voting (Carli, 2017; Sistrunk & McDavid, 1971; Weinschenk et al., 2018). In relation to political 

networks literature it is important to be mindful that gender has seldom been taken seriously (Djupe 
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et al., 2018). The focus of research in political science has been on network construction, than the 

differential responses of gender to socially supplied information (Djupe et al., 2018). 

Fundamentally, there are different social logics for men and women (Djupe et al., 2018). Women 

organise and manage their social networks differently from men, favouring same-gender friendships 

(an example of homophily) and associational connections (Djupe et al., 2018; Gallos et al., 2012; 

Laniado et al., 2016; Mehta & Strough, 2009; Szell & Thurner, 2013; Yang & Girgus, 2018). This 

preference for fewer, more emotionally intimate dyadic interactions drives inherent behavioural 

differences (Davidson & Duberman, 1982; Davies & Shackelford, 2008; Del Giudice et al., 2012; Psylla, 

Sapiezynski, Mones, & Lehmann, 2017). According to Djupe et al. (2018) exposure to knowledgeable 

discussants is a consistent facilitator for women’s political participation. Women draw on political 

expertise at higher rates than men, which has contributed to a decline in the voting gender gap (Djupe 

et al., 2018). The contemporary explanation is for topics concerning politics, women are more 

receptive to male opinions, particular for married white women where their preferences are 

concordant with the economic interests of their husbands (Kan & Heath, 2006). The underlying 

motivation is informational influence, to make the right decision or to behave correctly (Deutsch & 

Gerard, 1955). With clear societal shifts in gender roles, economic independence, and efficacy, 

reinterpreting differential gender responses to social influence is necessary. Early evidence from other 

literatures provide a glimpse of differentiated pathways of social influence. Wijenayake, Van berkel, 

Kostakos, and Goncalves (2019) found significant effects when examining the impact of group’s gender 

composition on social conformity in online settings. In a separate context, Aral and Nicolaides (2017) 

reported that only women influence other women in the spread of exercise behaviours in a global 

social network. 

Despite the original hypothesis not being supported, our interest in investigating causal mechanisms 

for social influence in same gender relationships is ongoing. This is an exciting line of enquiry where 

further research in a larger population sample with gender parity can uncover new insights on gender 

differences in response to behavioural interventions that mobilize people to vote. 

 

An actor is more likely to commit to vote if their network partner commits to vote (H4A) 

One of the fundamental questions in political networks concerns the interactions between voters and 

how this affects turnout. We wished to explore whether the effects of a decision to vote, and 

connection with others, could be observed downstream with our mobilisation tool when a network 

partner makes a commitment to vote. The results found two predictors, attribute density and 



132 

 

contagion, to have significant effects in making a commitment to vote. Recall, attribute density relates 

to the baseline probability of the attribute commitment to vote being present, that is, the intercept or 

frequency (Daraganova & Pattison, 2013). In short, we found that if your friend commits to vote then 

you’re likely to commit to vote as well. 

Our results on the social transmission of commitment to vote is accompanied by a large body of 

evidence on voter turnout for real-world and online behaviour in human social networks (Bond et al., 

2012; Fowler, 2005; Jones et al., 2017). Theoretical work by Fowler (2005) bridged the gap between a 

single decision to vote and a socially connected electorate. He established that if people decide 

whether to or not to vote based on the decisions of their friends, then the decision of that single person 

can affect friends, friends of friends, and so on. This chain of events can lead to large aggregate changes 

in turnout, which is described as a turnout cascade (Fowler, 2005). Birds of a feather flock together, 

and voting is no exception (Christakis & Fowler, 2009). Nickerson (2008) demonstrated in a face-to-

face field experiment that voting was “contagious”, where mobilisation can spread from person to 

person in a two-person household.  

At a fundamental level, the imitation of commitment to vote is explained by delving further into the 

nature of human cooperation and social conformity. The human social world relies on cooperation to 

survive and thrive (Anon, 2018a). Theoretical models suggested that social networks influence the 

spread of human behaviour. Experimental results have demonstrated in public good games how 

cooperative behaviours spread from person to person to person (Fowler & Christakis, 2010). This 

applies to the spread of pro-social behaviours like voting. Social conformity as a type of social influence 

are the mechanisms for inducing behaviour change and subsequent cascades. Social conformity has 

two forms: normative and informational. Normative conformity is driven by the need for acceptance 

and to be liked. Informational conformity is driven by the desire to be correct. Though in relative 

infancy there is a growing body of evidence of neural correlates underlying social conformity (Iacoboni, 

2005; Stallen & Sanfey, 2015; Stallen, Smidts, & Sanfey, 2013). 

Research by Bond et al. (2012) and Jones et al. (2017) on social influence and political mobilisation in 

online social networks demonstrated the utility of enhancing observability of actions by friends for 

catalysing behaviour change. Given much of social life has shifted into the digital realm where we make 

connections and conduct our interactions it is essential that we harness the full potential of this 

medium. Capraro, Jagfeld, Klein, Mul, and de Pol (2019) have called for increasing altruistic and 

cooperative behaviour using simple moral nudges. In this respect, making prosocial norms salient like 

voting by nudging individuals to make a digital commitment to participate in the electoral process has 
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been successfully tested in a real-world environment by our research. Further, we have demonstrated 

that nudges to vote can be contagious in human social networks. 

The idea of persuading friends to vote is an old idea. Rebranding (as relational organising) for 

contemporary audiences and experimenting with metric driven derivations, like vote tripling where a 

supporter pledges to remind three friends to vote play an important part in campaign cycles 

(Rosenberg, 2019). However, we need to move beyond frames of methodological individualism and 

adopt network mindsets that leverage behavioural science, social influence, and digital architectures 

to reinvigorate democratic processes at the local level. 

 

An actor is more likely to commit to vote if they have extraverted network partners (H4B) 

Our remaining hypotheses seek to predict whether personality traits, or more specifically if being 

connected to extraverted friends, increases the susceptibility to social influence and subsequent 

behaviour change by making a commitment to vote. The two hypotheses H4B and H4C explore model 

properties where certain effects are fixed. Part B focuses on whether our connections alone to multiple 

extraverted partners influences our likelihood to commit to vote. Part C examines social influence in 

pairs to determine if extraversion as an actor attribute is predictive. Given the hypotheses are closely 

related we discuss the results together, the relationship to existing literature, and implications for 

practice. 

Our results found that when extraversion was fixed for network partners no significant effects were 

identified in determining commitment to vote. The contagion parameter estimate is positive and the 

largest in comparison to other tie configurations but did not reach significance. When we analysed 

pairs only the contagion parameter estimate increased in strength and obtained significance. 

Extraversion as an actor attribute was not found to be a significant predictor.  As our community 

network sample was small the likelihood of contagious behaviour spreading is greatest for an 

individual during interactions with their closest friends and acquaintances. The short social distance 

between contacts supports direct observability of behaviour. It appears that susceptibility to 

committing to vote is not influenced by the extraversion levels of a friend. These results are logically 

consistent with our findings described in the first hypothesis. The primary role of extraversion is to 

drive social connectedness. 

How we frame our findings is conditioned by reality. As Oyibo and Vassileva (2019) describe, literature 

on the relationship between personality traits and users’ susceptibility to social influence is scarce. In 

their research they investigated personality based determinants of users’ susceptibility to three social 
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influence strategies (social learning, social proof, and social comparison). In terms of relevance, our 

research accords with the social proof strategy. The results reveal that high levels of neuroticism (low 

emotional stability) is the most consistent determinant of user susceptibility to social influence (Oyibo 

& Vassileva, 2019). Low levels of openness-to-experience increased susceptibility to social proof and 

social comparison. Further, low levels of conscientiousness increased susceptibility to social learning 

and social proof. Notwithstanding the different research motivation, to improve the design of 

personalised persuasion applications, we identify key points of alignment. First, extraversion had no 

significant relationship with any of the social influence strategies (Oyibo & Vassileva, 2019). Second, 

individuals high in openness-to-experience are known as initiators and tend to be more creative and 

novel in the things they do than abiding by a norm or following the crowd (Clark & Kemp, 2008; Oyibo 

& Vassileva, 2019). This insight offers guidance on how individuals high in openness-to-experience may 

maintain their friendship networks. Centellegher et al. (2017) found that individuals with high levels 

of openness-to-experience are associated with high network turnover and larger variations in 

relationship intensity reflected through increased or decreased communication. In supplementary 

analysis we fixed openness-to-experience for network partners and did not find any significant 

relationships or encountered model degeneracy for higher order parameter configurations. 

While our hypotheses were not supported, the insights are instructive and constitute progress in 

what is an exciting research frontier. The impact for practice is strategic in nature. An obvious first 

step is to design for working with larger population samples. We have demonstrated the ability to 

collect user attributes at the network community level. The social influence models used for 

statistical inference need to account for trait-trait differences and interactions. This needs to be 

extended beyond pairwise interactions to groups of different sizes to generate higher-order models 

of social contagion (Iacopini, Petri, Barrat, & Latora, 2019). This will enable a better understanding of 

the critical masses required for social behaviour changes in relation to voting. 

 

6.2 Challenges & Limitations 

The limitations associated with this study design are multi-faceted. They are a combination of intrinsic 

and extrinsic factors that directly and indirectly shape our findings. We have categorised these factors 

into four groups: real world representation, survey accuracy, statistical analysis, and generalisability. 
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6.2.1 Real-world representation 

The first category encapsulates indicative issues concerning the representativeness of the real-world 

captured using the digital product and associated trace data. These issues are mobile phone ownership 

and app usage bias, friendship connections, and network boundaries. To quantify political behaviours 

across social networks we rely on mobile phone data. To make population-level inferences needs to 

account for differential ownership of mobile phones and usage of apps on devices. Our population 

sample can be characterised as young and tech savvy thereby potentially skewing findings. The work 

of Wesolowski, Eagle, Noor, Snow, and Buckee (2013) on mobility estimates using mobile phone data 

are encouraging as they are sufficiently robust to withstand the substantial biases in phone ownership 

across different geographical and socioeconomic groups. 

The second substantive issue is friendship and subsequently the interpretation of connections 

recorded. By design the digital product captures reciprocal friendship connection requests. These were 

logged prior to the election event. Traditional methodological approaches have used personal name 

generators to assemble friendship networks. The intention is not to revisit the merits of prior 

approaches nor make comparisons. Rather, to take a principled view of whether digital logs of 

friendships are an accurate representation of friendship based on shared interest. The literature is 

favourable on this matter, however further work is required. To ascertain more granular insights on 

friendship structure we recommend examining cumulative time interactions in the formation of new 

friendships and network maintenance. This new attribute offers added depth and potential filter for 

understanding how robust network structures are over time, the sharing of information, and tipping 

points for social influence. 

The third and final issue is the definition of the network boundary. This is a common issue for 

community groups where the accuracy of the membership register is subject to fluidity. With the 

decline in member-based organisations and rise of unstructured communities this challenge is 

expected to grow. As a result, this may lead to an overestimation of the role played by personality 

traits on voting intention. A temporal filter may provide a way to mitigate or remove this issue for 

future research. 

 

6.2.2 Surveys 

Our research study relied on three standardised survey instruments to operationalise the constructs 

in the research model. These are the Ten Item Personality Inventory (TIPI) for capturing user Big Five 

personality traits, the Perceived Political Self-Efficacy short form for capturing user internal agency, 
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and a vote plan to register the implementation intention of a user. The TIPI is a validated and widely 

used instrument in psychological sciences and political sciences. The results are comparable to longer 

questionnaires, although they are found to be weaker in strength. Compliance with an extended 

survey in a mobile setting is incompatible with the limited real estate on the device screen, likely to 

result in a poor user experience, and lower uptake, thereby reduced sample size. Alternatively, 

researchers seeking to replicate this study with longer questionnaires for personality traits may opt to 

use web-based or tablet formats in laboratory settings to potentially enhance the accuracy of results 

for participating users. Given the burgeoning fields of psycho-informatics and personality computing 

it is anticipated that limitations associated with current methodological tools will replaced by 

algorithmic techniques. 

Similarly, we used the short form version of the Perceived Political Self-Efficacy (PPSE-S) survey that 

contains four questions that record user responses on a Likert-like type scale. The short form internal 

validity is equivalent to the ‘longer’ form survey of ten questions. The factor behind selection of this 

survey compared to others was the formal grounding in psychological theory, specifically social 

cognitive theory. The historical application of such surveys has been paper based. There is an 

opportunity to deploy such tools at scale and automate detection of political agency along the lines of 

the work of Kosinski et al. (2013). 

The final instrument was the use of a vote plan. The user self-selected the date, time, and location 

which was added the device calendar. This action, what the psychologists call ‘implementation 

intentions’ which in this thesis is operationalised as ‘commitment to vote’, acts as a form of 

psychological contract whereby if the user does not carry out the intended action it will cause cognitive 

dissonance. This type of instrument falls under the rubric that has been popularised as ‘nudges’. There 

is reasonable evidence from the literature that attests to the efficacy of such techniques. In terms of 

our research we recognise that not all members would have downloaded the app and completed the 

vote plan. Where possible, steps should be taken to maximise full participation. Future research may 

wish to consider the relationship between the current design and actual voting. 

 

6.2.3 Statistical analysis 

The Autologistic actor attribute model suffers from its own limitations (Daraganova & Robins, 2013). 

The statistical technique also does not account for the strength of ties and is only applicable for cross-

sectional analysis. The latter may omit any temporal changes in network structure that may be 

captured in a longitudinal analysis (Momeni & Fotouhi, 2017). Our community network sample was 
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insufficient to test triangle parameters, thereby limiting our ALAAM model expressive power to 

accurately capture the social phenomena of commitment to vote in the community network (Shalizi & 

Rinaldo, 2013; Wharrie, Azizi, & Altmann, 2019). 

 

6.2.4 Generalisability 

We believe several factors give rise to caution on the generalisability of our findings for the wider 

population. The target community for study was an unstructured product community. This contrasts 

with the prevalent organisation model of hierarchical, centralised, member-based organisations. 

Building engagement with the latter faced protracted challenges for adoption and engagement which 

we associated with general trends of membership decline, limited resources, and risk aversion. 

Irrespective of community type, deployment and onboarding for new communities is replete with 

issues ranging from time to value in app adoption to cognitive constraints on human behaviour that 

apply to both physical and digital spaces (De Nadai, Cardoso, Lima, Lepri, & Oliver, 2019). Based on a 

rough heuristic of 10% user adoption/usage we recommend an ideal target community size of 10,000 

people. Finally, context is everything. Norman (2019) defines context as an embedded, relational, 

situational, high-dimensional variable. Our study was a election setting which is unable to match the 

emotional and informational drivers synonymous with the real-world political campaign and election 

environment. 

 

6.3 Conclusion 

In this chapter we discussed our core argument on the central role played by the personality trait of 

openness-to-experience in shaping online commitment to vote in social networks. We made the 

following contributions. First, we established that extraversion has no relationship in making a 

commitment to vote. This is explained by the trait’s purpose towards sociability and divergent 

orientation from goal attainment. We replicated prior research on the relationship between self-

efficacy and implementation intentions. This was successfully extended and contextualised by 

establishing a novel digital bridge between internal political efficacy and a vote plan. We found that 

when openness-to-experience and internal political efficacy are combined this predicts commitment 

to vote. Earlier research had found an association for political participation, however, as 

recommended, demonstrating this specifically for a campaign mobilisation setting was considered 

superior. This was demonstrated effectively using a mobile application in a community election. The 

full impact to be realised by political campaigns and electoral authorities is that our commitment to 
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vote is socially contagious. This means that downstream initiatives that leverage pre-commitment 

strategies to vote will influence social conformity in friendship networks. We did not find any gender 

differences in commitment to vote, most likely attributed to our small sample size. Lastly, efforts to 

isolate fixed actor attribute effects of extraversion in determining commitment to vote were null. The 

relationship between personality traits and susceptibility to social influence, however, is a nascent and 

exciting research frontier. We proceed now to our final chapter to make concluding remarks about this 

research project. 
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7 Conclusion 

Chapter Outline: This chapter provides conclusions on the research project; how we fared against our 

research question and key contributions, reflections on the way forward for democracy, structural 

trends, platforms and guidance for researchers, suggestions on future research directions, and a final 

call-to-action.  
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In this final chapter we draw conclusions that frame our research as a simple and effective model for 

scaling social innovation to help address the observed decline of democracy across the world. 

7.1 Research Question and Key Contributions: Final Thoughts 

We return to our original research question to close the loop. The original premise for this journey was 

to understand whether personality traits drive online commitment to vote in social networks. In short, 

the answer is ‘Yes’. However, the role of personality traits is indirect where interaction effects between 

extraversion and internal political efficacy increase the probability of an individual making a 

commitment to vote. 

The pertinence of our research question endures and grows for two reasons. Foremost, the election 

outcome of 2016 serves as a harbinger of more to come. Second, the observed changes in how we 

structure, maintain, and communicate with our friendship networks using technologically mediated 

platforms in the digital age. 

Our research delivers both theoretical and methodological contributions that are novel, contextual, 

and impact oriented. By adopting an online social network lens at the local community level, we found 

that the role played by personality is indirect. Individual levels of internal political efficacy extend to 

and shape commitment to vote. Furthermore, for the first time we demonstrate that commitment to 

vote, like actual voting, also cascades in local networks. In another first, we establish a predictive link 

between extraversion, internal political efficacy and commitment to vote (a direct measure of 

campaign mobilisation), considered to be superior in the literature. 

Salganik (2018) espoused that building your own digital product is a high risk, high return strategy. 

Naturally, such a strategy is rarely adopted by researchers. We echo the words of wisdom of Salganik 

(2018) for our journey has been replete with episodes of technical failure, unforeseen vendor policy 

changes, and pervasive uncertainty. But guided by our original vision, determination, and persistence 

we unreservedly claim a significant methodological advancement with a mobile first platform that is 

novel, effective, and powerful. It helps overcome historical barriers and expands how psychological 

data can be collected at scale using embedded, validated tools in digital devices. The study of political 

“You want your identity grounded in your community” 

- Alex “Sandy” Pentland, 2018 

“All politics is local.” 

- Tip O’Neill, Speaker, 47th Speaker, US House of Representatives 
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behaviour in local, social networks demands new methodological tools and we hope our example 

heralds and inspires others to do the same in the interests of building a better society for all. 

Our research outcomes detail clear social network effects and their digital amplification which add to 

a growing chorus of the need to revisit current conceptions of election behaviour and more 

fundamentally how legitimacy is conferred in democracy. 

 

7.2 Reflections on a new path for democracy 

The evolution of democracy as a social operating system has been anchored by hierarchy and 

centralisation. In a complexity rising society, characterised by deep and possibly irreversible structural 

trends of declining trust in public institutions and increasing social fragmentation we must confront 

the prospect that the current model has reached its natural limits. The re-emergence of the city-state 

combined with insights generated by network science present a path to transition to a new system. 

We recommend as a first step a digital platform as social infrastructure strategy. This new data 

infrastructure supports digital representation of the community interaction network, helps fix digital 

identity, and restores trust. By baselining and modelling network and behavioural properties at the 

local level we can design future, evidence-based interventions. This is a greenfield space that requires 

an interdisciplinary, multi-scale program of future research. We identify potential opportunities that 

may contribute to new knowledge. Lastly, will offer a call to action to renew democracy through 

bottom-up, self-organisation in local networks. 

 

7.3 Structural Trends 

The purpose of research is not solely the contribution to knowledge. Also, to achieve impact. If we 

seek to translate our research successfully into the broader arena, we must be alert to societal trends. 

In our complexity rising world these trends are deep and structural. What we observe is one of 

increasing fragmentation with profound consequences for democracy. The explanations for these 

trends are numerous with differing physical and social interpretations. To touch upon the physical 

explanation, we can refer to this as battling entropy (Parrish, 2018). Entropy is a measure of the 

disorder of the universe. Uncontrolled disorder increases over time. While the origins of entropy can 

be traced to the conversion of heat to work it can be applied to other domains. To borrow the words 

of famous American sociologist Kenneth D. Bailey (1990): 
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“When I began studying the notion of entropy it became clear to me that thermodynamic entropy was 

merely one instance of a concept with much broader applications … I became convinced that entropy 

applied to social phenomena as well.” 

With the exit of the state from social infrastructure investment in place of market-based mechanisms 

responsibility for social coordination has degraded and compounded over the last few decades. This 

has converged with another macro thesis described by Hall (2017) as the “Blue Church”. 

The “Blue Church” is best understood as a narrative/ideology control structure that is a natural result 

of mass media (Hall, 2017; Hall, J., 2018). This is now beginning to unravel. The significance of the 

narrative is based on how it handles the complexity of the system, ability to simplify the system, and 

leveraging available control bandwidth to manage the simplified system. Society cannot function 

without a regulatory structure adequate to its level of complexity. Distilled to its formal core, the “Blue 

Church” solves the problem of 20th century social complexity through use of mass media to generate 

manageable social coherence (Hall, J., 2018). This control structure is no longer adequate. The 

fundamental problem according to Hall (2017) is threefold: 

• Migrate from attempts to manage complex systems with complicated control structures and 

design new techniques for intrinsically up regulating the complex systems that make up our 

natural world. This is greenfield territory full of unknowns. 

• Conceptualise and execute new approach to governance that is fit for purpose in handling the 

array of challenging problems posed by anthro-complexity. This is the second greenfield 

territory full of unknowns. 

• Lastly, we must tackle the real nature of technology, including the difficult to predict feedback 

loops associated with how we affect technology and how it affects us. Followed then by 

addressing the actual consequences of exponential technology on ourselves and on our lived 

world. 

The realisation of the need to change is compelling. That isn’t the issue. Putting aside feelings of being 

overwhelmed the question is where does society go from here? If democracy and elections are to 

thrive in the digital age what is the next step? We believe the future is local. 

The evolution of social complexity is one of simple, small egalitarian groups, integrated by face-to-face 

interactions evolving to complex, anonymous societies of millions (Turchin, 2017). The enormous 

increase in social scale and complexity is argued to be driven by warfare as a core evolutionary force. 

This has led to increasingly hierarchical and centralised control structures. One of the serious questions 

confronting complex societies is their sustainability. Historically, complex societies have collapsed on 
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many occasions. There are clear signs with rising instability in Western societies that we are not 

immune to a similar fate. To move beyond the limitations of hierarchical control requires new tools 

for understanding the complexity of individual lives in terms of a system of collective behaviour (Bar-

Yam, 2002). In the political context the account by (Montes de Oca, 2017) and Hall, J. (2018) provide 

fascinating accounts of how collective intelligence (CI) is formed under decentralised/distributed 

conditions to resemble an insurgency known as the “Red Religion”. The coherence of this new CI isn’t 

driven by an external factor per se, instead by the information infrastructure itself (Montes de Oca, 

2017). The broader impacts of this dysfunction on commerce, education, and politics are explored by 

(Perrell, 2019). In a nutshell, the shape of information flow determines the structure of society (Perrell, 

2019). The advent of the Internet saw a shift from information scarcity to information abundance, 

which resulted in a loss of information monopoly by the elites. What has ensued is a clash between 

two opposing modes of organising life: the current hierarchical, industrialised, and top-down mode; 

and the other networked, egalitarian, and bottom-up. Doctorow (2019) repudiates the argument 

‘information’ is responsible for political chaos. Instead, he attributes what is going on to the creation 

of an oligarchy that has diminished the efficacy of public institutions and introduced widespread 

corruption. The intention here is not to adjudicate the debate but to recognise that a wholesale 

redefinition of control structures based on digital technologies is in full swing. Further, that if 

technological, cultural, and environmental factors are combining to challenge how we organise then 

the fundamental question is what is the alternative? (Faife, 2016). 

The nation-state is being disrupted by the rebirth of the city-state as the most salient unit of physical 

and political organization; self-governing, economically independent, and culturally unique (Faife, 

2016). This corresponds with the rising localism agenda (Brown, 2011; Katz & Nowak, 2018).  The 

promise of rational planning was that centralised programs would deliver unprecedented efficiency 

and security (Brown, 2011). Instead it has been foundering or altogether failing (Brown, 2011). 

Centralisation has the disadvantage of making an entity vulnerable to damage or targeted attack 

(Manrique et al., 2019). Centralised structures can also be disadvantageous in terms of the cost (eg. 

energy or money) needed to maintain them, the need for localised heat dissipation, or the substantial 

communications bandwidth required to continually transport information into and out from the 

central unit. Delays in this information transfer can even produce dangerous system-level behaviour 

(Manrique et al., 2019). The shift to localism has been driven by expediency rather than ideology. By 

instituting place-centred practices that are more organic and ‘messy’, prove to be more effective in 

the long run (Brown, 2011). This is described by Manrique et al. (2019) as getting closer to the goal by 

being less capable by using bottom-up, goal-driven human organisations. Success lies in achieving the 
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right balance between coordination and independence among the system’s components (Cepelewicz, 

2019). Multiscale/fractal localism sees politics as an ecology/complex adaptive system (Taleb, 2019). 

How do we put this into practice and empower local communities? 

 

7.4 Platforms 

For local communities to rewire themselves in the digital age they need goal-aligned, network-oriented 

digital platforms. We must first recognise that there are systemic problems with the business model 

of big tech. Federal regulators will naturally follow precedent and seek to break up the market using 

blunt anti-trust laws. The real opportunity, however, is to examine ways to create alternatives from 

the bottom up (O'Shea, 2018). Governments and regulators could foster the conditions in which 

alternative networks with more democratic foundations could flourish (O'Shea, 2018). Morozov (2018) 

has proposed we trust progressive municipalities with our data, it will then stay in public hands and 

won’t be easily abused. If we embrace this path, we need to address two fundamental issues: digital 

identity and data infrastructure. 

As it stands, our digital identity has been captured by Facebook (Montes de Oca, 2018). In order to fix 

digital identity, any platform intervention must recreate a digital representation of the community 

interaction network. The objective is to map the dense interconnections and trust. In human societies 

the reputation of a person within a community is a function of not only the network of community 

interactions, but it is also influenced by the degree and frequency of interactions. Networks that are 

dense, where everyone is connected, are the traditional source of local trust regarding an individual. 

A person’s identity credentials become valuable for transacting within a human community because 

of the reputation of the person as attested by the members of the community. Consequently, a 

community with a dense, accurate digital network representation can be used to create a digital “Trust 

Network” consisting of assertions between community members, and this provides a secure and 

trustworthy foundation for digital identities. 

The case for building a robust national data infrastructure is not new. Reamer and Lane (2018) highlight 

the cross section of issues covering legitimacy, public data providers, law, transaction costs, and data 

protection. Most localities lack the technical, analytical, staffing, and legal capacity to make effective 

use of existing and emerging resources. A fundamental new approach requires privacy and 

confidentiality issues to be addressed at the beginning, not as an afterthought; data providers must be 

involved as key stakeholders throughout the design process; workforce capacity must be developed at 

all levels; and the scholarly community must be engaged to identify the value to research and policy. 
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While research using digital platforms looks increasingly likely to become de riguer in the era of big 

data, we would do several things differently if starting over again. Foremost, the technical challenge 

associated with this research should not be underestimated. So many things can and do go wrong. 

Every risk event that occurs depletes finite resources, like time, and of course money. To mitigate 

project risk, startout with paper-based instruments or wireframe prototypes using freely available 

design tools. Once the preliminary research model is validated via this pathway, determine a digital 

product development cycle that is tightly scoped and less than six months in duration. Unless the 

research dictates otherwise, aim for a simplified codebase. By this we mean, avoid the need to support 

many different software development languages, and attracting/retaining related technical talent. 

Instead of the distinct skillsets and design cultures of native applications, explore progressive web apps 

which are now a sufficiently established technology that deliver comparable functionality and 

experience. When it comes to community partnering to collect digital trace data, there is a natural 

tendency to view institutions or large not-for-profit organisations as both ideal and a panacea for 

realising research goals. This is a loaded misconception. Our experience interacting with hierarchical 

organisations and formal groups, large and small, was characterised by delay, political agendas, risk 

aversion, and low digital literacy. Research does not occur in isolation, and however well intentioned, 

contending with these factors can be unavoidably frustrating and at times painful. We hope 

researchers with a risk appetite for building digital products of the platform type consider our learnings 

before embarking on their own journey. 

 

7.5 Future Research 

Notwithstanding the challenges and limitations (as discussed in section 6.2) we propose a program of 

future research. Our understanding of political behaviour in local networks and how it shapes 

democracy by using digital traces is nascent. This space is fertile ground for both re-examining 

prevailing ideas and theories and making new discoveries. The constructs and their combinations for 

researchers to explore are almost endless. We propose for future research eight key constructs, these 

include: friendship, gender, age, information, power, locality, sensemaking, and trust. This array forms 

an inter-disciplinary program to identify how and what extent they guide election behaviour. At a 

broader level it contributes to the standing debate on the primacy of structure and agency in shaping 

human behaviour. What differentiates the proposed inter-disciplinary research program is by adopting 

a network science framework that uses digital traces we have the potential to uncover patterns of 

emergence and potentially universal laws of scaling. 
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Accordingly, the research program is multi-level: micro, meso, and macro. Research questions, issues, 

and problems are discussed for each level. We begin with the macro level which relates to aggregate 

patterns of human behaviour. As more country specific and global digital data sets are collected and 

made available, we will see an expansion of studies on information flows and design of behavioural 

interventions during elections. Foremost, more research is needed on the privacy-conscientious use 

of mobile phone data. de Montjoye et al. (2018) found that with only four data points, approximate 

places and times where an individual was present, it was enough to uniquely re-identify them 95% of 

the time in a mobile phone dataset of 1.5 million people. They have created a matrix of the four models 

for the privacy-conscientious use of mobile phone data which could be tested in election settings. 

Beyond the privacy chestnut, behaviour change research of the likes of Bond et al. (2012) will be de 

rigueur. The opportunity will be to fully examine how to induce social contagion that intends a positive 

impact on society (Lehmann & Ahn, 2018). 

Aside from prosocial mechanisms to increase voting we must also explore and mitigate the dark side 

of this capability. The research raises an important question, what are the implications for public policy 

regarding information about voter registration and behaviour? Such information is often released 

post-election and tends to vary from election to election, and state by state. These peer voter lists, 

while similar, are not directly related to the research which specifically examined dynamic peer effects 

in social networks. Hence, there is a limit to what we can infer from our findings. More research is 

required that takes account of the context, information stored, data shared, and administrative 

arrangements to establish policy implications. 

Local networks run the world (Gordon, 2018). They are social and spatial and set the options for 

stability and transformation. We know that individuals and groups have complex behaviours whose 

complete description would require high dimensional time histories (Bar-Yam & Kantor, 2018). 

Historically compiling time series research has been elusive. The availability of “always-on” digital 

traces is removing this barrier to future inquiry. Meso-level groupings of objects are one of the main 

lines of inquiry in network science. They enable us to follow distinctive interaction patterns and at the 

local level we argue offer the most immediate way for behaviour change. To do so we need to deepen 

understanding of the intersection between personality traits and time spent with friends, role of 

gender, and related mobility patterns. Relational event models are a suitable statistical model for 

examining the temporal structure of social interaction. For more accurate pictures of the evolution of 

social interactions requires understanding the structuring processes in multiplex social networks 

(Atkisson, Górski, Jackson, Hołyst, & D'Souza, 2019). 
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In terms of future research directions, the micro-level is unquestionably the most exciting and 

untapped frontier. Technological advances now permit research designs that were previously 

inaccessible. To this end we recommend studies that examine the relationship between personality, 

brain, and gut. Functional magnetic resonance imagery enables us to measure brain activity by tracking 

changes in blood flow. The quest is to understand how the brain mediates social interactions. This field 

known as social neuroscience provides a pathway to understand social power and unlock the 

mechanisms that drive social signalling, influence, and behaviour adoption. Personality has been found 

to be directly associated with brain regions instrumental in guiding social behaviours. The companion 

field of equal importance, if not more so, is the role played by the human microbiome in sensemaking. 

There is growing evidence of the link between gut microbiota and physical and mental health in the 

modern environment. Personality is found to be associated with different types of microbiota. These 

factors have implications for how we perceive and engage with the world around us. 

Lastly, our digital product which operates as a mobile first, social networking platform is also of 

methodological value for the study of other social phenomena besides political behaviour. With minor 

modifications to the native application user interfaces and application programming interfaces (APIs), 

it can be used to gather social network data for various temporal research questions that may concern 

behaviour, network structure, or both for example in health, aging, company workplaces, developer 

communities, regional innovation ecosystems, and multilateral trade. 

 

7.6 Call-To-Action 

Democracy is in transition. The social operating system that has come to dominate Western-style 

democracies is under tremendous strain and exhibiting capacity limits. Our traditional conception of 

democracy has been hierarchical, centralised institutions that control and coordinated information 

flow. Elections have been the gold standard for gauging the health of democracy and competitive 

selection of representatives to govern on behalf of constituents. Rising electoral polarisation and voter 

disenchantment has seen election participation levels plummet and victories secured by ultra-thin 

margins. This system is unsustainable. We need to change and, in doing so, reimagine democracy as a 

complex adaptive system. Relationships and local networks are the cornerstone of rebuilding 

interactive and healthy communities. By understanding which individuals catalyse and drive behaviour 

change we can take active steps towards restoring trust and renewal of democracy for the digital age. 

This research project presents a way forward. Do we have the will to act upon it? The choice is ours. 
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8 Primer (Appendix A) 

8.1 Introduction 

This appendix provides a primer on two domains of relevance to our research: 1) causality in politics, 

and 2) networked experiments. It is intended to equip the reader with a basic understanding of the 

state of the art for measurement of causal processes in political networks. Also, as social life becomes 

increasingly mediated by digital technologies, how researchers are accessing large volumes of digital 

trace data to conduct online networked experiments. Further, the set of online research design 

guidelines followed when studying high-variance social phenomena. The primer is by no means 

comprehensive, that is simply beyond the scope of this thesis. Instead, it illustrates what best in class 

looks like for large studies using big data, and that we have sought to learn from these practices to 

inform the design of our small minnow, network social intervention. 

The rest of the primer is structured as follows. First, we summarise existing approaches to causality in 

politics. Relational approaches and their measurement in political networks are emergent. Second, we 

cover the growing field of networked experiments. We discuss their main ingredient trace data, the 

rise of social media, research design choices, insights, and the research potential of smartphones. 

 

8.2 Causality in Politics 

Relationships are at the heart of politics (Victor et al., 2017). They form network structures that enable 

political action (Huckfeldt & Sprague, 1987; Huckfeldt & Sprague, 1995; McClurg, 2006; Mutz, 2006; 

Nickerson, 2008). Relational constructs such as power, persuasion, interaction, and trust shape 

political phenomena (Gross & Jansa, 2017; Lazer & Wojcik, 2017). Understanding the properties and 

consequences of network structures is central to interpretation of the political world (Victor et al., 

2017). 

The analysis of interdependence in political networks is emergent. This is partly due to the dominance 

of methodological individualism in political science, a paradigm that treats individual units as 

independent atomistic elements (Victor et al., 2017). This has constrained the fields capacity to 

describe historical and political processes guiding the evolution and normative consequences of 

political systems (Victor et al., 2017). Relational approaches challenge the assumptions of the current 

paradigm. Network analysis provides the theoretical framework and tools for scholars to develop 

models that more closely resemble reality and hypotheses for relationship patterns that reflect specific 
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social processes, such as reciprocity and homophily (Victor et al., 2017). These analyses at the meso 

levels are neither wholly micro or macro (Victor et al., 2017). 

Political methodology, even for network data, revolves around models (Wasserman, 2017). For fields 

like psychology that adopted the network paradigm early, the intersection has been large and rich 

(Wasserman, 2017). Political scientists have for decades been measuring the effect of an individual’s 

egocentric or personal network (ego network) on political behaviours with positive and significant 

effects from panel samples in small, local communities (Bello & Rolfe, 2014; Berelson et al., 1954; 

Eveland & Hively, 2009; Huckfeldt & Sprague, 1995; Klofstad, 2007, 2009; Lazarsfeld et al., 1948; Lazer 

et al., 2010; McClurg, 2006). Ego network analyses offer notable advantages as a form of relational 

inference (Gross & Jansa, 2017). Many large network studies use surveys for data collection (Gross & 

Jansa, 2017). These surveys are expensive, time consuming, and network data is often incomplete or 

altogether inaccessible (Gross & Jansa, 2017). They are most useful in studies focused on intense, 

socially proximate relationships (Fowler et al., 2011; Sinclair, 2012). Scholars increasingly question the 

applicability of community based surveys as more Americans are “bowling alone” and replacing 

neighbourhood social interactions with online interactions (Putnam, 2000; Sunstein, 2009). 

Network analyses, like the social sciences, are subject to equal or greater threats to validity and 

reliability (Gross & Jansa, 2017). Network measurement errors may lead to substantial distortions in 

the structure of the network, particularly fluctuations in network size, range, and density (Brewer & 

Webster, 2000; Feld & Carter, 2002). Six types of network measurement errors and the likelihood of 

encountering them depends on the research design employed (Wang, Shi, McFarland, & Leskovec, 

2012). Further networks where node degree distributions are not too positively skewed and exhibit 

low average clustering are found to be more robust to various types of measurement error (Gross & 

Jansa, 2017). The most vexing problem is missing data associated with three common problems: unit 

nonresponse; misspecification of the network boundary; and “vertex degree censoring” in fixed choice 

designs where respondents nominate up to a small number of partners typically favouring strong ties 

and often omitting weak ties (Kossinets, 2006; Mutz, 2006). Respondents may either fail to nominate 

ties or misreport ties, yielding an accuracy rate of 40% to 60% in the measurement of most 

communication networks (Marsden, 1990). These problems are, in part, a function of the 

survey/interview instrument and self-report methods (Fowler et al., 2011; Harari et al., 2016). 

In observational research, compared to experimental research in networks, the primary concern is that 

network structure does not arise randomly (Rogowski & Sinclair, 2017). Instead, is a direct 

consequence of homophily; similarity between individuals that generates the network and most likely 

to occur with ethnicity, age, religion, education, occupation, and gender, roughly in that order 
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(McPherson et al., 2001). Individuals are likely to form ties with others who have a similar number of 

friends (Huckfeldt, 2009). Relationships are inherently directional and may be represented by 

researchers as undirected, but not vice versa (Gross & Jansa, 2017). Social relationships are not fully 

characterised by homophily as many social ties are formed based on availability, and not solely on 

personal choice (Huckfeldt & Mendez, 2008; Mollenhorst, Völker, & Flap, 2008a, 2008b). Little 

research has explored the extent some relationships are formed based on shared political preferences 

or behaviours (Huber & Malhotra, 2013; Lazer et al., 2009). Where formed solely based on shared 

political values then the political correlation is attributable to selection, and not on peer influence 

(Fowler et al., 2011; Sinclair, 2012).  

Causal processes usually reside outside an observer’s vision (Fowler et al., 2011). Brady (2008) argues 

strong causal arguments demonstrate four elements: a) “constant conjunction of causes and effects”; 

b) “no effect when the cause is absent in the most similar world where the cause is present”; c) “An 

effect after a cause is manipulated”; and d) the identification of “Activities and processes (i.e. 

mechanisms) linking causes and effects”.  Science seeks to explain through mechanisms; Bunge (1997) 

describes “a mechanism is a process in a concrete system which is capable of bringing about or 

preventing some change in the system”. To explain something in a system is to think about and to 

measure generative processs (Fowler et al., 2011). Network data is interactional in character, thereby 

a search for micro-interactionist mechanisms (Fowler et al., 2011). 

In political networks, consideration of how influence spreads between people has only just begun 

(Fowler, 2005). Experiments by Nickerson (2008) find indirect effects are real, with 60% of the effect 

of one person onto a second person, then a third person in the case of voter mobilisation. But these 

experiments have limited external validity (Nickerson, 2008). The possible confounds that impede 

drawing causal inference in observational studies of network effects of people connected to each other 

that exhibit similar political attitudes and behaviours may be attributed to four processes: a) random 

clustering; b) homophily; c) contextual effects; and d) influence (Fowler et al., 2011).  

Researchers conducting experiments on organic social networks are investing upfront in best practices 

to reduce the space of potential outcomes (Rogowski & Sinclair, 2017). Foremost to establishing 

causality is randomisation to surmount problems with selection bias and unobserved heterogeneity 

(Fowler et al., 2011). Experimental subjects are randomly assigned to receive treatment or to a control 

group not exposed to treatment. An external shock is usually applied to a node of a network and the 

ripple traced through the network (Nickerson, 2008). The change in the outcome variable of interest 

induced by the intervention is measured by comparing the two types of nodes (Fowler et al., 2011). 

Five key steps outlined by Fowler et al. (2011) guide the experimental protocol. First, the network 
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structure is measured prior to randomisation for transparency and avoidance of curve-fitting and Type 

1 errors. Second, posttreatment network measurement could be correlated with treatment provision. 

Third, matching egos with similar backgrounds and networks characteristics, then randomising within 

these strata improves statistical efficiency. Fourth, network measurement prior to randomisation 

preserves efficiency in the event of unexpected problems in the field. Finally, known network structure 

helps avoid contamination of the treatment and control groups. Generalisability is likely to be limited 

and network behaviour conditioned by response to treatment than in their normal state. 

The development of new theoretical and statistical network models has spawned a third wave of 

network study in politics (Victor et al., 2017). Greater theorizing and conceptualisation of relational 

interactions, operationalisation, and dyadic measurement is required to understand in more detail the 

complex dynamics involved (Gross & Jansa, 2017; Kitts, 2014). Political relational measurement has 

not kept pace with advances in psychometrics and experiments (Robins, 2015). The field is at a critical 

juncture, yet to shift thinking, models, and units of analysis to relational approaches (Victor et al., 

2017).  Six primary challenges are identified by Victor et al. (2017), these include: untangling 

endogenous processes in networked systems; sampling and missing data; exploiting advances in big 

data; analysing multiplex data; and evolution of networks over time. The growth in digital trace data 

presents an opportunity to transform the study of political behaviour. Our discussion now moves onto 

the growing domain of networked experiments. 

 

8.3 Networked Experiments 

Social life increasingly involves the use of digital technologies (Hampton, 2017; Lazer & Radford, 2017). 

These digital systems mediate a growing number of our social interactions (Parigi et al., 2017). The 

trace data generated constitutes one of the most celebrated methodological opportunities to observe 

dynamic social systems (Boyd & Crawford, 2012; Golder & Macy, 2014). The transformation forecasted 

is widespread - from the dominant tabular data paradigm for the quantitative social sciences to 

sociological theory (Lazer et al., 2009). For within these archives core constructs of interaction, 

expression, collective action, and diffusion of behaviour lurk (Lazer & Radford, 2017). This section 

explores the growing domain of networked experiments. We discuss the main ingredient trace data, 

the rise of social media, online field experiments, their insights, research design choices, and the 

research potential of smartphones. 
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8.3.1 Trace data 

Trace data is what powers networked experiments. Trace data includes a diverse range of products: 

telephone call logs (Zipf, 1949); mobile call data records (Blondel, Decuyper, & Krings, 2015); computer 

logs, email, instant messages (Leskovec & Horvitz, 2008); social media data from Twitter and Facebook 

(Ellison, Gray, Lampe, & Fiore, 2014; Hampton, Goulet, Marlow, & Rainie, 2012; Himelboim, McCreery, 

& Smith, 2013; Lewis, Kaufman, Gonzalez, Wimmer, & Christakis, 2008). As sociological data, it 

presents a seemingly infinite array of forms; text, tweets, pictures, video, streaming, space, etc (Lazer 

& Radford, 2017). These data are collected passively from an individual’s interaction with computer 

systems (Hampton, 2017). Such data is incredibly detailed and massive in size, and can be used 

independently or in combination with survey and experimental data (Boase, 2016; Hampton et al., 

2012; Wells & Thorson, 2017). 

Often termed as big data, it provides the in-context documentation of individual behaviour, 

preferences, and attributes (McFarland, Lewis, & Goldberg, 2015). Behavioural data enables us to 

observe social networks through interactions (Lazer & Radford, 2017). It overcomes self-reported 

biases and the struggle to accurately capture social ties (Bernard et al., 1984; Marsden, 1990). Eagle 

et al. (2009) found recency and salience biases in subjects recall when comparing reported physical 

proximity and behavioural measures of proximity. Longitudinal network behavioural data expands the 

possibilities to study joint dynamics of selection and influence (Snijders & Doreian, 2010). Big data 

alone as a direct line to knowledge is an illusion (Lazer & Wojcik, 2017). The need for clever theory, 

research design, concern for sampling remain major considerations in the era of big network data 

(Boyd & Crawford, 2012). One of the richest sources of trace data comes from social media platforms, 

which are driving the burgeoning networked experiments paradigm. 

 

8.3.2 Social Media 

Social media is a global phenomenon. It provides a platform for people to satisfy fundamental social 

drives (Meshi, Tamir, & Heekeren, 2015). The two primary reasons for use are to connect with others 

and to manage their reputation (Meshi et al., 2015; Nadkarni & Hofmann, 2012). While social media 

environments vary in the type of environments they afford users, generally they enable five key 

behaviours: 1) broadcast information; 2) receive feedback; 3) observe the broadcasts of others; 4) 

provide feedback on the broadcast of others; and 5) compare themselves with others (Meshi et al., 

2015). This has led to the emergence of extensive amounts of human generated data (Kane et al., 
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2014; Olshannikova, Olsson, Huhtamäki, & Kärkkäinen, 2017). These online social network interactions 

parallel offline social interaction (Meshi et al., 2015). 

No social media platform is representative of the general population (Blank & Lutz, 2017; Nagler & 

Tucker, 2015). Users self-select digital platforms based on age, education, sex, race, ethnicity, 

geography, socioeconomic status, technological skill (Hampton, 2017; Hargittai, 2015). Stopczynski, 

Pietri, Pentland, Lazer, and Lehmann (2014); Stopczynski, Sekara, et al. (2014) argue there is not a 

single social network for anyone, rather a series of shifting networks driven by the organisation and 

technologies individuals opt to use to form and sustain relationships. This choice of system for data 

collection from subjects implies a focus on a single channel of communication and data integration 

from other sources will likely affect study results and unlikely to generalise to data sets that represent 

specific populations (e.g., likely voters) (Bareinboim & Pearl, 2012; Hampton, 2017; Lazer & Radford, 

2017; Nagler & Tucker, 2015).  Social media undeniably upgrades the scientist toolkit, but requires 

further methodological development (Tufekci, 2014a). Kane et al. (2014) similarly echo the call to 

action and outline a multidisciplinary, theoretical framework that recognises the intersection of social 

media and social network analysis. Ruths and Pfeffer (2014) offer practical methodological guidance 

for large-scale social media studies of human behaviour to reduce biases and flaws in social media 

data. All relate to trace data held by media companies, access a key challenge for big data researchers 

(Boyd & Crawford, 2012). The rise of “embedded researchers” within media companies is creating a 

divided research community (Ruths & Pfeffer, 2014). Online field experiments, using social media, are 

distinctive in terms of their goal, context, and design. We touch upon these aspects of online field 

experiments in the next section.  

 

8.3.3 Online Field Experiments 

Online field experiments are a practical, cost-effective way of studying high-variance social 

phenomena (Chen & Konstan, 2015). The ‘field’ or context is an online community under study  (Parigi 

et al., 2017). Such experiments are necessary when the treatment complexity such as community 

membership entails embeddedness of the social interaction in its environment (Parigi et al., 2017). 

Participants engage directly with the environment, interpreting, and altering the environment through 

their interactions (Page, 2015). The social interaction cannot be isolated from the context in which it 

happens without loss of meaning or significantly altering the overall effect of the experience (Ashmore, 

Deaux, & McLaughlin-Volpe, 2004; Parigi et al., 2017). 
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Online field experiments are not reproducible in a traditional lab. The research design choices for an 

online field experiment has five important components: 1) online platform access and control, 2) 

community participant recruitment, 3) identifiability and authentication of participants, 4) nature of 

the control group, and 5) participant retention regardless of treatment compliance (Chen & Konstan, 

2015; Parigi et al., 2017). PlanOut, a software package, facilitates such experimentation (Bakshy et al., 

2014). Prior to collaboration Parigi et al. (2017) emphasise the need to first identify the boundaries of 

the community of interest which represents the environment within which the social interactions 

occur within context. Collaboration with the administrators (or owners) of the online community 

platform is fundamental to participant engagement and testing the response bias response of those 

who do participate. Chen and Konstan (2015) highlight that owning your own site (platform) provides 

the experimenter the most control and flexibility in the experimental design and data collection. 

Parigi et al. (2017) explain the goal of an online field experiment is not to maximise external validity by 

obtaining a representative sample of some generic ‘’population’. The online community population is 

sampled randomly and participants divided into treatment and control groups. Technology mediates 

social interactions to observe or measure the magnitude of participant effects (Aral, 2016b; Chen & 

Konstan, 2015). The Bond et al. (2012) study illustrates how random assignment of users to one of 

three groups (“social message”, “informational message”, “no message”) by researchers 

experimentally manipulated social influence to encourage voting. Online field experiments are also 

generating insights on a range of social phenomena, which is the focus of our next section. 

 

8.3.4 Insights 

The availability of unprecedented volumes of social media data has produced unique insights on daily 

activities of humans all over the world. Further, on how online social networks influence both online 

and offline social behaviour (Althoff, Jindal, & Leskovec, 2017). We select four studies to illustrate 

novel designs of online field experiments. The first study by Morales, Vavilala, Benito, and Bar-Yam 

(2017) examined global dynamical patterns of communication using Twitter finding synchronicity in 

daily collective activities that resembles a heartbeat linked to social rather than natural cycles. Local 

synchrony is the major driver of collective behaviour in cities; a larger scale synchronisation is 

beginning to occur in our increasingly complex world. The second study is by Mones, Stopczynski, and 

Lehmann (2017) and examines how humans use various communication channels to build and 

maintain connections. The network structure for these channels show large structural variations. Face-

to-face contact has the strongest impact on emotional connection along with representing the 

strongest ties. Yet central individuals in the different communication networks, called the social core, 
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show distinct activity patterns with respect to their physical contacts, predominantly during working 

hours and nights (Mones et al., 2017). The third and fourth studies by Althoff et al. (2017) and Aral and 

Nicolaides (2017) relate to exercise behaviour in online social networks. Althoff et al. (2017) using a 

fitness tracking application exploited a natural experiment in delayed friendship formation to 

distinguish the effect of social influence of single network connection from intrinsic motivation and 

find that social influence accounts for 55% of the observed effects. New social connections catalysed 

increase of: 30% in user online-application activity, 17% in user retention, and 79% user offline real-

world physical activity (Althoff et al., 2017). The study by Aral and Nicolaides (2017) extends work by 

Valente (2012) on behavioural contagion to transition from independent to interdependent 

interventions that incorporate an individual’s contexts into their treatments. The results indicate that 

social intervention strategies, which account for peer effects, may spread behaviour change in 

networks more effectively than policies that ignore social spillovers (Aral & Nicolaides, 2017). It 

highlights that social influence policies and programs designed for different types of people in different 

subpopulations, instead of average social effects, will be more effective (Aral & Nicolaides, 2017; 

Valente, Palinkas, Czaja, Chu, & Brown, 2015). 

The path to insights using networked experiments is not straightforward, it often involves critical 

choices in research design. How we account for interdependence and draw inferences in the digital 

realm is the subject of discussion in the next section. 

 

8.3.5 Interdependence and the Digital Realm 

Traditional randomised field experiments are not equipped for the networked environment in which 

we live (Walker & Muchnik, 2014). Modern networked experiments are precision tools for studying 

social behaviour (Aral, 2016b). They provide a new ability to engineer and randomise social settings 

for estimation of peer effects and social interaction outcomes, exploration of heterogeneity in these 

causal effects across subpopulations, and isolating behavioural mechanisms that explain these social 

effects (Aral, 2016b). The recent surge in networked experiments to draw causal inference illustrates 

their value (Aral, 2016b; Eckles & Bakshy, 2017; Jagadeesan, Pillai, & Volfovsky, 2017; Shalizi & Thomas, 

2011; Sussman & Airoldi, 2017; Toulis & Kao, 2013). 

The design and analysis of experiments in networks involves critical choices. We refer the reader to 

Walker and Muchnik (2014) and Aral (2016b) and summarise key considerations for researchers, see 

Table 8-1 below. 
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Factor Selection Source 

Setting • Offline laboratories; 

• Online laboratories; and 

• Field experiments in real-world settings 

Walker and 

Muchnik (2014) 

Network Dimensions 

(being examined) 

• Network structure 

• Dyadic relationships; or 

• Individuals 

Aral (2016b) 

Sampling Given setting, network experiment generated or 

sampled from a graph of graph distribution: 

• Field experiments – natural network 

structure taken as given, not fixed, and 

randomisation occurs via perturbations of 

behaviour or information channels across 

the observed network 

• Typology based sampling preserves 

representative graph properties and 

structures (eg. complete snowball 

sampling). 

- can miss connectivity of global graph, 

connections between subgraphs under 

sampled; 

- suits studies of micro-level social 

behaviour (interpersonal diffusion 

dynamics) vs global diffusion or cascading 

behaviour 

 

Aral (2016b) 

Randomisation Core decision: 

• Peer encouragement designs randomly 

encourage particular behaviors in a set of 

nodes to analyse the effects of those 

behaviours on the nodes peers 

(Aral, 2016b) 
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• Mechanism designs change the 

mechanisms through which individuals 

interact 

• Structural designs randomise network 

structure, or individual’s positions within 

it, to understand the impact of structure 

on social behaviour 

• Setting designs change the settings in 

which social behaviour takes place. 

Particular behaviours are not encouraged 

and interaction mechanisms are not 

necessarily altered. 

Classification by Process • Spread of information and behaviours 

• Identification of factors: 

- Initial conditions (node targeting and 

seeding); 

- dosage and temporal aspects; 

- willingness of subjects to contribute; 

- direct the viral spread; 

- susceptibility to peer influence; 

- social network typology; and 

- modification of process itself 

Walker and 

Muchnik (2014) 

Impact on Connectivity Fundamental approach based on Rubin and Rubin-

Neyman causal model. Two strategies: 

• Inference strategies: address interference 

after an experiment has been conducted 

during the inference or analysis phase; 

• Design strategies: address potential for 

inference prior to experimentation by 

modifying aspects of the design of 

randomised trials, such as treatment 

assignment procedures to minimise 

Walker and 

Muchnik (2014); 

Rubin (1986, 

1990); Aronow and 

Samii (2017); 

Eckles and Bakshy 

(2017) 
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interference. Assume known network 

structure 

- treatment clustering 

- treatment separating strategies 

• High dimensional adjustment for past 

behaviours offer bias reduction with 

benefits studies on social influence, 

information diffusion, and imitation 

Networked Treatments • Peer oriented incentive schemes 

• Communication altering schemes 

• Subject-grouping schemes 

• Network typology manipulation schemes 

Walker and 

Muchnik (2014) 

Table 8-1: Key Research Considerations 

Networked experiments consist of four phases: 1) initialisation, 2) treatment assignment, 3) outcome 

generation, and 4) analysis (Eckles & Bakshy, 2017). Initialisation precedes the experiment and entails 

network formation and processes resulting in node characteristics and prior behaviours. Treatment 

assignment creates a mapping from nodes to treatment conditions. Walker and Muchnik (2014) 

recommend the desired intervention be organic, not detectable between participants, and not 

observably interfere with normal community, platform, online system operations. Given earlier 

phases, some data generating process produces the outcomes of interest. Analysis and estimation 

typically focuses on the average treatment effect (ATE).  There are a range of estimation challenges in 

networks: Homophily or Assortativity (Aral et al., 2009); latent homophily (Aral & Walker, 2012; Shalizi 

& Thomas, 2011); Confounding factors (Aral & Walker, 2011, 2012, 2014); Simultaneity (Aral & Walker, 

2012; Godes & Mayzlin, 2004); Unobserved Dynamic Heterogeneity (Van den Bulte & Lilien, 2001); 

Truncation (Van den Bulte & Iyengar, 2011); and Other Contextual and Correlated effects (Manski, 

1993). Homophily and contagion are generically confounded in observational network studies (Shalizi 

& Thomas, 2011) and distinguishing them apart requires strong parametrization assumptions of the 

social process or on the adequacy of the covariates used (or both). Further, homophily in friendship 

retention can induce significant upward bias and confound causal estimates of social influence in 

longitudinal network data (Noel & Nyhan, 2011). 

Despite unprecedented information on human interactions identification of how individuals affect 

each other is elusive (Eckles, Kizilcec, & Bakshy, 2016). Peer encouragement designs where the 
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encouragement is a minimal ‘nudge’ with little conscious consideration may provide more credible 

peer effect estimates (Eckles et al., 2016). Results are informative about the role of directed behaviour 

in the adoption of technologies that enable both undirected (broadcast) and directed communications 

(Eckles et al., 2016). However, it does not elucidate the mechanisms by which receiving feedback 

affects individuals or distinguish different type of feedback (Eckles et al., 2016). The future of 

networked experiments according to Aral (2016) envisages: adaptive treatment assignment; novel 

randomisation techniques; and linking online treatments to offline responses. We wish to add a fourth 

category for the future of this field, the research potential of smartphones for understanding social 

phenomena. 

 

8.3.6 Smartphone Research 

Across the social sciences the potential of smartphones in research is clear (Lazer & Wojcik, 2017). 

They are ubiquitous, intimate, flexible, sensor-rich, computationally powerful, and low-cost tool 

(Miller, 2012; Raento et al., 2009; Trucano, 2014). Smartphones have enormous potential to 

unobtrusively gather objective, precise, sustained, and ecologically valid personal behavioural data 

(Dufau et al., 2011; Lazer & Wojcik, 2017; Miller, 2012). Raento et al. (2009) outlines that smartphones 

are an ideal vehicle to study social networks as people habitually carry them everywhere and use the 

phone as a medium for much of their communication. The rich and continuous suite of behavioural 

data collected lies between traditional observational data and analysis of very large networks from 

digital communication, and offers more depth than simply one medium of communication (Raento et 

al., 2009). For an overview of the types of smartphone data: functions, features, and the behaviour 

they capture see Harari et al. (2016). Smartphones have distinctive strengths and weaknesses 

compared to traditional research methods. Miller (2012) compares smartphones to six other research 

methods on 16 criteria. The programmability of smartphones opens up an avenue of optimised 

questionnaires, where the minimum number of questions are answered without compromising the 

level of information gained (Kurhila et al., 2001; Raento et al., 2009). The four main disadvantages 

relate to substantial technical development, low contextual control over study environments, 

potentially large and complex data sets requiring analysis expertise, and ethical challenges (Miller, 

2012). Despite these disadvantages, smartphones match almost everything other methods do and 

more, and set to revolutionise psychological research with fine-grained descriptions of the behavioural 

antecedents and consequences of various psychological states (Harari et al., 2016; Miller, 2012).  
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9 Digital Product Development (Appendix B) 

 Outline: This appendix presents the digital product used for testing the research model. Our digital 

product manifests as a social networking platform which we situate as part of the rising platform 

economy. Platforms are modularisations of complex systems. They are primarily designed for open 

marketplace dynamics and building network effects. Seldom do they operate as social infrastructure. 

Access to platform data is often limited or restricted outright. We design, build, and manage a novel 

digital platform that performs as a social network and enables community governance. Theory and 

practice from fields of human-computer interaction, psychology, and computer science inform our 

platform design. The digital platform equips us to record, store, and analyse digital traces of social 

behaviour. 
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9.1 Introduction 

This chapter describes the digital product used to operationalise our research model. A digital product 

is defined as a service or tool that you interact with via a digital medium, that delivers some form of 

utility to a human being (Ehrhardt, 2016; Owen, 2019; Stanislav, 2019). Digital products create and 

store records of people’s behaviour. This type of behavioural data which is a by-product of everyday 

actions are often called digital traces (Lazer et al., 2009). The behavioural data cornucopia is driving a 

transformation in social science research. Yet its use in research, Salganik (2018) cautions, follows a 

“no free lunch” rule for data; an inverse relationship where little work expended collecting data is 

offset by a lot of work in thinking about it and analysing it. Our digital product manifests as a digital 

platform. 

The allure of big data is natural for many researchers. The academy operates in a global marketplace 

with knowledge creation measured by speed, frequency, and impact. But in the trade-off for 

convenience it remains unclear what sacrifices are made to the quality of our understanding of human 

behaviour in dynamic networks. We resist this pressure to conform, and reason independently, from 

the bottom up with the mindset of a contrarian (Ravikant, 2018). In doing so, we embark on a complex 

and risky journey to design, build, and manage a native digital platform that purposely advances our 

research agenda. 

Building digital products that make a difference follow a lifecycle that embeds a range of choices from 

design to data. We outline these choices in three sections: platform; principle-driven design, and 

technical architecture. We firstly situate our digital platform within the rising platform-based 

economy. Platforms enable value-creating interactions. They mark a discernible global shift away from 

linear value chains intrinsic to the industrial model. This economic re-organisation by various open 

platform typologies, function, and geographic distribution are fundamentally altering competition and 

digitally enabled activities in business, politics, and social interaction. Central to platform success are 

“The companies that win as platforms will be the ones that 

digitize the lifecycle of their key ecosystem participants” 

- Sangeet Paul Choudary, 2017 

“The problem isn't how to make the world more 

technological. It's about how to make the world more 

humane again.” 

- John Maeda, 2007 
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core interactions and network effects. We discuss these and other paradoxes of platforms. Lastly, we 

adapt platform thinking as performant social infrastructure. 

In the second section we cover design. No longer solely viewed as about beauty, the value of design 

shapes market relevance and meaningful results (Maeda, 2017). We seek to differentiate the user 

experience (UX) by focusing on shaping behaviours; historical user-centred design has emphasised do-

goals rather than be-goals. We draw upon theories of psychology related to attention and user-

experience to support our normative vision. User experience encapsulates the look, feel, and usability 

of a digital product. Most UX literature speaks to consumer digital products. Given our institutional 

context we highlight important differences that pertain to enterprise UX design. We provide a detailed 

account of the interactionist model of co-experience; key influential factors, and lean UX approach 

applied in prototyping, testing, and shaping the final digital product. 

The final section details the platform technical architecture. Platforms are modularisations of 

complex systems.  We explain our layered architecture (presentation, business logic, and data tiers) 

and technology stack by client and server side. The adoption of a graph database underpins our 

ability to generate relationship-based insights. 

 

9.2 Platforms 

Platforms are a global phenomenon altering economic and social life (Evans & Gawer, 2016; Helmond, 

2015). They are connected, collaborative, and scalable. While digital products have features, platforms 

have communities (Van Alstyne, Parker, & Choudary, 2016). Platforms are driving a digital revolution 

forecast to grow in scale and impact. 

The contribution of this section is at the platform ecosystem level. We identify foundational principles 

and elements behind platform success, further examine current trends to elicit contemporary and 

emerging risks, and bottom-up preferences for future platforms. These factors inform and shape the 

design of our digital platform. We explain the rationale, network effects, and typologies that drive 

platform value. Peering inside the platform engine describe the mechanisms of value creation, 

strategies, and paradoxes. We specifically focus on the social platform class. 

Platforms as a market form of information capitalism have accumulated significant power and operate 

with minimal regulatory oversight (Galloway, 2018; McNamee, 2018).  The recent exploitation of 

platform architectures to spread disinformation and amplify social fragmentation increasingly poses 

threats for democracy (Soros, 2018). The chorus grows louder for policy intervention (Hart, 2018). The 
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ability to reconfigure business platforms to account and manage for public risks is moot (Battelle, 2018; 

Bilton, 2018). 

Platform ecosystems are driven by bottom-up interactions. They exhibit attributes and information 

flows consistent with community dynamics. We examine and adapt platform thinking as performant 

social infrastructure. Purposively attuned to the needs of smaller communities that enables 

meaningful interactions, reputation management, and effective governance. This normative vision 

guides both user and organisational outcomes. This strategic alignment supports collection of digital 

trace data reflective of real-world human behaviour and enrichens our research enquiry. 

 

9.2.1 Platform Economy 

We now live in the platform age. Parker et al. (2016) defines a platform as a business that enables 

value-creating interactions between external producers and consumers. Kenney and Zysman (2016) 

offer a more neutral term that encompasses a growing number of digitally enabled activities in 

business, politics, and social interaction. A platform is characterised by an open, participative 

infrastructure for such interactions and sets governance protocols for them (Parker et al., 2016).  

Platforms contrast sharply with pipeline businesses. The latter characteristic of the industrial model 

with a linear, resource-heavy, producer-driven value chain (Collins, 2016). Pipeline businesses optimise 

unidirectional flow of value. Such forms are engineered for predictability, efficiency, and control. 

Differences between industrial and platform firms are summarised in Table 9-1 below. 

 

Business Function  Industrial Firm  Platform Firms  

Strategy  Supply economies of scale  Demand economies of scale  

Marketing  Product/Service Focused  Interaction Focused  

Operations  Linear Supply Chain  Value Ecosystems  

R&D  Innovation via internal R&D  Open 3 Party Innovation  

Finance  Value driven by firm assets  Value driven by community  

assets  

Human Resources  Employees  Crowdsourcing, Freelance  

Information Technology Back Office (ERP) / Front Office 

(CRM)  
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Systems 

Table 9-1: Differences between Industrial and Platform Firms (Parker et al, 2016) 

According to Parker et al. (2016) platforms alter competition in three ways: 

1. unlock new sources of value creation and supply that reside within their community; 

2. use data-based analytics tools to create community feedback loops; and 

3. invert the firm, as the bulk of platform value is created by their community of users, shifting 

the locus of business activities from internal to external. 

Platforms are re-organising the economy, reshaping our communities and social life, and developing 

power more formidable than the early industrial revolution (Kenney & Zysman, 2016). (Evans & Gawer, 

2016) estimate platforms total market value of $44.3 trillion and directly employs 1.3 million 

employees and millions more indirectly. Platforms companies are located globally, Asia has the largest 

number, but the highest value is collectively found in the USA (Evans & Gawer, 2016). The five most 

valuable listed firms in the world are Alphabet, Amazon, Apple, Facebook, and Microsoft (Anon, 

2017d). They have surging profits and dominate the digital advertising market. In Asia, Beijing has 

become an epicentre for platform innovation and startups. The World Economic Forum’s Digital 

Transformation Initiative (DTI) research suggests that digital platforms could unlock $10 trillion of 

value for business and wider society over the next 10 years (Anon, 2017b). 

 

9.2.2 Why Platforms? Core Interaction and Network Effects 

Platforms have two important properties that create success in the digital world. They are the core 

interaction and network effects. The core interaction is designed around a repeatable unit of value, an 

exchange of information that has value to the participants (Choudary, 2015; Parker et al., 2016). 

Participants are the producer who creates value, and the consumer who consumes value. Beyond cash 

other forms of value that act as currency and take place on a platform include attention, fame, 

reputation (Parker et al., 2016). To encourage a high volume of valuable core interactions, a successful 

platform performs three key actions: pull, facilitate, and match (Parker et al., 2016). For interactions 

to take place, the platform must pull producers and consumers to the platform. To facilitate 

interactions, tools and rules are required that promote connection and valuable exchanges. Based on 

information of participants, the platform uses an algorithm to filter a match of value units between 

participants (Figure 9-1). Not all platforms are good at all three actions, but can survive based on the 

strength of a specific function (Parker et al., 2016). 
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In our community context the unit of value producers create are offline events. They are one of the 

most common starting points alongside jobs, skills, and collaboration. Group events facilitate social 

interaction, a critical factor for individual wellbeing and an essential element of every society (Smiljanić 

& Mitrović Dankulov, 2017). The process of social interaction is instrumental in observed friendship 

patterns (Lazarsfeld & Merton, 1954). Shared interests underpin forming a strong bond and when we 

change our interests we generally change our friends (Bryden, Funk, Geard, Bullock, & Jansen, 2011). 

Face-to-face interaction is the strongest form of influence compared to online interactions. Increasing 

member’s engagement in group activities is primarily associated with the strengthening of already 

existing ties and increase in the bonding social capital (Smiljanić & Mitrović Dankulov, 2017). Social 

networks grow mostly through big events, whereas small events maintain group cohesion (Smiljanić & 

Mitrović Dankulov, 2017). 

 

Figure 9-1: Core Interaction (Source: Parker et al, 2016) 

Demand economies of scale are the fundamental source of positive network effects. They are driven 

by efficiencies in social networks, demand aggregation, app development, and other phenomena 

where bigger networks are more valuable to their users (Parker et al., 2016). Metcalfe’s law illustrates 

as the number of participants in the network increases, it makes connections among participants grow 

nonlinearly. This also creates what we know as lock-in (Parker et al., 2016). The often small, random, 

and unobservable individual events accumulate and become magnified by positive feedbacks which 

lead to increasing returns, also known as network effects (Arthur, 1990; Kurtzman, 1998). Unlike 

diminishing returns that imply a single economic equilibrium point, increasing returns as dynamic path 

dependent processes makes for many equilibrium points (Arthur, 1990; Arthur, Ermoliev, & Kaniovski, 

1987). Network effects are the differentiating factor in today’s economy that help build moats for 

business and drive 70% of value in technology companies (Griffin, 2016; NfX, 2017; Parker et al., 2016). 

Network orchestrators are by far the most efficient value creators (Parker et al., 2016). The network 
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size is not the sole determinant of the strength of network effects; affinity and value of trade between 

participants matters (Griffin, 2016). In platforms, network effects can be same side, cross side, explicit, 

implicit, viral, and frictionless (for expanded discussion see (Parker et al., 2016). 

 

9.2.3 Platform Types 

Platform business models and networks area manifested in four types: transaction platforms, 

innovation platforms, integrated platforms, and investment platforms (Evans & Gawer, 2016; Srnicek, 

2017). The platform typology is defined below in Table 9-2. Platforms excel across several different 

dimensions: efficient matching; facilitating productive interactions at scale; tapping into an external 

innovative ecosystem; and becoming a magnet for complementary innovators (Evans & Gawer, 2016). 

Social media platforms are categorised as transaction type platforms. Our digital platform fits this 

category. 

 

PlatformType Definition 

Transaction Technology, product, or service that acts as a conduit (or intermediary) 

facilitating exchange or transactions between different users, buyers, or 

suppliers 

Innovation Technology, product, or service that serves as a foundation on top of which 

other firms (loosely organised into an innovative ecosystem) develop 

complementary technologies, products, or services 

Integrated Technology, product or service that is both a transaction platform and an 

innovation platform. 

Investment Platform portfolio strategy and act as a holding company, active platform 

investor or both 

Table 9-2: Platform Types (Evans and Gawer, 2016) 

Platform types by number and market cap are summarised in Table 9-3 below. Evidently, integrated 

platforms are few but dominant. The platform landscape is evolving, both transaction and innovation 

platforms trying to become more integrated (Evans & Gawer, 2016). 
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Type Transaction Innovation Integrated Investment 

Number 160 5 6 5 

Market Cap $1.1 trillion $911 billion $2 trillion n/a 

Table 9-3: Market Capitalisation (Evans and Gawer, 2016) 

 

9.2.4 Platform Openness 

Platforms depend on the value created by participants and stimulating network effects. This requires 

selecting and maintaining the right level of platform ‘openness’ (Eisenmann, Parker, & Van Alstyne, 

2009; Van Alstyne et al., 2016). Platforms are open, relative to how restrictions are applied on 

participation and governance. In relation to development, commercialisation, and use participation is 

open to all interested parties, whereas governance of technical standards or licensing fees must be 

reasonable and non-discriminatory (Parker et al., 2016). Platform designers and managers usually need 

to make three openness decisions: manager and sponsor participation, developer participation, and 

user participation (Eisenmann et al., 2009; Hagiu, 2014). There are four types of models for managing 

and sponsoring platforms: proprietary, licensing, joint venture, and shared model (see Figure 9-3) 

(Eisenmann et al., 2009; Parker et al., 2016). Companies like Facebook, Uber, eBay, Airbnb, Alibaba, 

and many others are both platform managers and platform sponsors. Developer participation 

concerns core internal developers, extension developers, and data aggregators. User participations 

involves decisions about producer openness to freely add content to the platform. 

 

Figure 9-2: Models for Organising Platforms (Eisenmann et al, 2008) 

Platform openness encourages innovation. However, the more open a system becomes, the more 

fragmented it becomes (Parker et al., 2016). This can favour a closed, controlled system. The 
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proprietary model provides the greatest control and facilitates the most closed system of operation. 

Our digital platform is a closed system that follows the proprietary model with an in-house core 

developer capability. All content is by producers authorised by the community organisation. 

 

9.2.5 Monetisation 

The value a platform creates falls into four categories. Parker et al. (2016) describe the value for: 

• consumers: access to value created on the platform 

• producers or third-party providers: access to a community or market 

• both consumers and producers: access to tools and services that facilitate interaction 

• both consumers and producers: access to curation mechanisms that enhance the quality of 

interactions  

Platforms that are well designed generate more value than they directly capture, thereby attracting 

large user bases who enjoy the ‘free’ value provided by the platform (Parker et al., 2016). Platforms 

may offer free or subsidised pricing to one user base while an entirely different user base is charged 

full price. This is a rational firm investment decision. Parker and Van Alstyne (2000) outline three 

reasons for this strategy. First, increased demand in a complementary fare goods market covers the 

investment cost in the free goods market. It leverages information’s near zero marginal cost property 

to subsidise an arbitrarily large market at a modest fixed cost. Second, content-providers and end-

consumers are distinct markets either eligible for the free-good. The decision to subsidise one market 

depends on the relative network externality benefits. Third, if a market post-entry turns competitive 

a firm can use strategic product design for penetration and expansion. 

Open platforms are challenging to monetise. There are several ways to monetise, common strategies 

include: a transaction fee; for access, for enhanced access, and enhanced curation. How this is applied 

ranges from democratic to revenue generating capacity. (Parker et al., 2016) discusses the decision of 

whom to charge: all users; one side while subsidising another; most users full price while subsidising 

stars; and some users at full price while subsidising users who are price-sensitive. Facebook and Apple 

charge a hefty 30% fee for transactions on their platform (Gurley, 2013). The Facebook ad-based 

business model which offers a free digital product to maximise time spent in-app faces increasing 

criticism, with calls for a paid user subscription model to be introduced (Constine, 2018; Spross, 2018). 

This proposed monetisation strategy is considered ideal for institutions. We argue an ad-free, user 

controlled, behavioural oriented social platform model offers a stronger foundation for meaningful 

interactions and realising a normative community vision.  
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9.3 Social Media Platforms: Principles and Paradoxes 

Social media platforms are categorised as transaction platforms. Tran Kingyens and Wertz (2016) 

identify five distinct social platforms: messaging, private social networks, public social networks, 

enterprise social networks, and communities. They have varying attributes that shape network 

connections, behaviour, and outcomes. We compare them against 10 criteria listed in Table 9.4 below. 

 

 Messaging Private social 

networks 

Public social 

networks 

Enterprise 

social 

networks 

Communities 

Connections Symmetric Symmetric Asymmetric Symmetric Asymmetric 

Nature of 

relationships 

Personal Personal Shared 

interest 

Personal Shared 

interest 

Nature of 

content 

Private Private Public Public Public 

Broadcast 

model 

1:1 1:N 1:N 1:N 1:N 

1% Rule No No Yes Yes Yes 

Permanent vs 

ephermeral 

Ephemeral Permanent Ephemeral Permanent Permanent 

Name (real vs 

username) 

Real Real Username Real Username 

Virality High High High High Low 

Network 

effects 

Low; High High Medium Low 

Graph Type Social graph Social graph Interest graph Social graph Interest graph 

Examples WeChat, 

WhatsApp 

Facebook; 

Linkedin 

Twitter; 

Instagram; 

Slack; 

Yammer; Jive 

Reddit; Stack 

Overflow 
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YouTube, 

Twitch 

Table 9-4: Platform Comparison (adapted from Tran Kingyens and Wertz, 2016; Neilsen, 2006) 

 

The digital platform we design is at the nexus of private and enterprise social networks.  Online 

connections are between people they already know and an extension of that forged offline. The 

connections are symmetric, personal, and use real names to create a social graph. Using real names is 

found to increase engagement, this causes growth in network size, density, and activity (Currier, 2018). 

As institutional communities resemble enterprise social networks they typically have smaller user 

bases where virality may still be high, but network effects are more modest in size. 

User familiarity is key to ensuring an enterprise’s platform staying power. Users share a psychological 

affinity for their community which drives daily information seeking behaviour. The enterprise 

publishes a range of content including: networking events, specialist talks, career events, internships, 

overseas exchanges, scholarship opportunities, industry collaborations, mentoring programs, and 

social gatherings. This information is shared via a broadcast model and permanently searchable. The 

1% rule of social media participation typifies content creation in enterprise social networks. The rule 

simply means out of 100 people 1% will create the content, 9% will curate the content, and 90% will 

consume it (Nielsen, 2006). For enterprise communities, content is often generated by leaders or 

administrators. Enterprise is still a nascent area for social networking. The traditional focus has been 

on improving productivity and workflow, with increased collaboration a helpful side effect (Laumer, 

Shami, Muller, & Geyer, 2017; Tran Kingyens & Wertz, 2016; Wehner, Ritter, & Leist, 2017). A social 

first approach is forecast to bypass siloed work environments, unlock collaboration to improve 

productivity, and establish a foothold in the enterprise (Kane, 2015; Tran Kingyens & Wertz, 2016). 

Belsky (2016) argues an era of passive social will emerge. Actively posting and sharing will be replaced 

entirely by a passive stream of life experiences, whereabouts, and media consumption.  

Gaining traction for a social digital product follows two contrasting mechanisms: connection-first and 

content-first (Choudary, 2014). The traditional playbook for building network effects has been 

connection first. Facebook, Twitter, and Linkedin aim for “X conections within Y days of sign-up” to 

activate the user (Choudary, 2014). Contact list integration has typically been used to remove sign-up 

friction and accelerate time to value for users in creating content and conversations. With limited time 

and attention friction-less sign-up and virality however have not been found to be as effective as they 

used to be. Consequently, there has been a dramatic shift towards the content-first model. These start 
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off as standalone apps. They enable users to create a corpus of content first. This content forms the 

core of the network which delivers greater value when shared with friends (Choudary, 2014). Over 

time this takes the form of a portfolio. The keys to building content-first social digital products are: 

removal of barriers to the creation of content; growing both creator and user bases; strong curation 

models; and incentives that encourage users to build out the connections based on innate motivation 

(self-expression or self-promotion). A summary of the contrasting approaches is found in Table 9-5 

below. 

 

 Connection-First Content-First 

Strategy Connect Users → Enable content 

creation 

Enable content creation → Connect users 

Success 

Factors 

Low sign-up friction, viral invitations Ease of content creation, viral content 

Growth Hacks One-click contact-list integration One-click creation widget 

Launch Plan Launch as multi-user digital product Launch as single-user digital product 

Examples Facebook, Twitter, Linkedin Instagram 

Table 9-5: Contrasting Approaches Source: Choudary (2014) 

 

Our digital platform adopts a connection-first model. The enterprise environment is based on a local 

network and shared experiences. These features bypass sign-up friction issues associated with large 

public social networks. Enterprises possess deep reserves of content easily duplicated yet poorly 

distributed due to siloed organisational structures. 

All digital platforms with network effects face the ‘chicken-or-egg’ problem at launch. For a multi-sided 

platform which side do you attract first followed by how to spark interaction with the other side 

(Parker et al., 2016). There are various playbook strategies on how to successfully launch a digital 

platform (Edelman, 2015; Parker et al., 2016). We follow a combined seeding and micro-market 

strategy. Parker et al. (2016) describes the seeding strategy as leveraging a compelling source of supply 

to seed the platform with value units to attract consumers. The micro-market strategy revolves around 

a tiny market where members are already engaging in interactions. Our university setting with its rich 

source of core interactions and closed community is well suited for these dual strategies. These 
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strategies alone do not guarantee success. Zeng (2015) explains that successful platforms suffer three 

paradoxes. First, they can only be built with conviction over long incubation periods and giving up a 

degree of control over your platform’s evolution. Second, platform growth is done on the periphery of 

an industry with only peripheral partners to rely on. They must be trusted and nurtured. Third, 

successful platforms evolve over time from a very strong product that delivers profound customer 

value and market potential that can be expanded horizontally to supporting more verticals. 

 

9.4 Platform Power: Sovereignty and Democracy 

The new digital political economy is redefining sovereignty from the territorial to the functional 

(Pasquale, 2017). The information environment for much of our economic, social, and political life is 

delivered by privately controlled infrastructure (Rahman, 2017). The ability to escape or contest 

territorial sovereignty according to Bratton (2014) is the power of the infrastructure space known as 

the stack, modelled on stacked hierarchical computation infrastructures. They provide unsurpassed 

local efficacy through data and when combined with network effects can be self-enforcing and produce 

market leverage (Andersson Schwarz, 2017; Pasquale, 2017). 

Platform capitalism is described as a remaking of the geopolitics of information (Schiller, 2015). How 

platforms do this is coined as surveillance capitalism, a new form of information capitalism that aims 

to predict and modify human behaviour with the purpose of revenue generation and market control 

(Pallitto, 2018; Silverman, 2018; Zuboff, 2015). This emergent logic of accumulation vies for hegemony 

in today’s networked spaces (Zuboff, 2015). What matters is quantity not quality of capturing human 

behaviour with ubiquitous technologies and the ability to convert into data  (Anon, 2018c; Pallitto, 

2018). Four uses follow such computer-mediated transactions: data extraction and analysis; new 

contractual forms derived from better monitoring; personalisation and customisation; and continuous 

experiments (Varian, 2010, 2014). Theses uses are largely performed in the absence of structural 

reciprocities between the firm and its populations. Further are free of legitimate authority, detection, 

or sanction (Zuboff, 2015). At hyperscale surveillance capitalism can be viewed as an anti-democratic 

threat or automated coup des gens (Pallitto, 2018; Zuboff, 2015). 

Platforms in an ontological sense can be envisaged as a ‘stage’ that gives actors leverage, durability, 

and visibility (Andersson Schwarz, 2017). They render previously informal exchanges into more 

formalised rules of engagement (Andersson Schwarz, 2017). Platform affordances simultaneously 

allow and constrain expressions (Eriksson, Fleischer, Johansson, Snickars, & Vonderau, 2019; Williams, 

2015). A platform is therefore a mediator rather than an intermediary. What confers this power is 
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referred to as generative entrenchment (Williams, 2015). Platforms can shape system behaviours 

constructed atop them, but also resist alterations to deeply entrenched, and widely adopted 

foundational elements (Currier, 2017; Williams, 2015). This generativity is ideal for building complex 

adaptive structures, while at the same time locking in their generators (Williams, 2015). As a structure 

becomes generative it fosters greater dependence, and increased stability (Williams, 2015). This serves 

as an attractor for various other entities, processes, and elements that seek to base themselves upon 

it (Williams, 2015). These processes entail positive feedback loops reinforcing the platforms position 

of relative generative entrenchment (Williams, 2015). The increasing awareness of platforms as 

mechanisms of power means they can emerge as political technology, designed and operationalised 

with deliberate intent, and strategized around them (Williams, 2015). To oppose platforms wielded in 

the name of profit the task of an emancipatory politics would be to build its own platforms that harness 

its underlying principles into the repertoires of left politics (Williams, 2015). 

The vast power exerted by technology platforms over contemporary society and politics poses issues 

for democracy (Rahman, 2017). Platforms are good at correcting problems on them, but not good at 

correcting externalities, problems (election outcomes) they create for others off platform (Van Alstyne, 

2017). To better understand the political and geopolitical implications of the false prophecy of hyper-

connection requires us to heed major insights from network theory (Ferguson, 2017). To stop 

functional sovereignties from further eroding territorial governance at the heart of democracy can 

only be done political organisations (Pasquale, 2017). Regulating the platform however presents 

numerous challenges. The conventional, price-oriented anti-trust framework is widely criticised as 

mismatched for innovation-based competition characteristic of digital industries (Shelanski, 2013). The 

reasons are twofold: the structure of markets for digital goods and services at any point in time are in 

transition, any gains are temporary. Such temporary dominance as the prize for dynamic market 

competition, where limited by enforcement is likely to create a counter-productive effect of slowing 

innovation and reducing economic growth and consumer welfare (Shelanski, 2013). Four distinct 

governance models with a responsible party have been identified for the platform economy going 

forward: no one; a government or set of governments; the platform itself; and a global, multi-

stakeholder community (Anon, 2016, 2017b). The fundamental challenge is to foster collaboration 

between global players that maintains a high level of interoperability (Anon, 2016). A multi-

stakeholder model is the most complex for achieving agreement and preserving the key benefits we 

have become accustomed to. Kenney and Zysman (2016) argue technologies including the cloud, big 

data, algorithms, and platforms alone will not dictate our future. How we deploy and use them will. 
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9.5 Humanity First: Designing and Shaping Platforms for Normative Societal Goals 

The market dominance, manipulation, and calls for regulation of how Big Tech operate raises 

important questions about the future for platforms. As leading technology commentator Tim O’Reilly 

remarks we are filled with too much dismay along with amazement, and technology bears some of the 

blame (O'Reilly, 2017b).  Evidently, algorithmic systems don’t always turn out as intended (O'Reilly, 

2017a). Platforms are extractive, free-market vehicles. However, efficiency is not the only goal. We 

can do so much more and make a better world with technology (O'Reilly, 2017b). But what are we 

trying to optimise for? (O'Reilly, 2017b). How can platforms be designed to meet current needs and 

aspiration of publics and flexibly respond to changes in the economy (Williams, 2015). In this new 

platform world, the principal objective for policymakers is to balance societal concerns of individuals 

and governments with the need to foster innovation and commercial growth (Anon, 2017b). A 

sustainable and balanced economy needs to address challenges of cross-border data flows, security, 

privacy, discrimination, taxation, market dominance and local inclusion. Any solution necessitates all 

actors remain informed, up to date and open to change (Anon, 2017b). 

To chart a way forward is to discern what kind of culture platform capitalism is producing (Gilbert, 

2017). Technology itself is an amplifier of underlying structural forces. Explanations point to an 

increasingly fragmented, pluralistic, and individualistic society compared to the preceding one (Gilbert, 

2017; Van Alstyne, 2017). This epoch of perpetual fragmentation intersects with hyper-connection 

enabled by massive platforms manifested in an array of consequences: fake news, radicalisation, 

massive targeted harassment, algorithmically generated torment (Gilbert, 2017; Tiffany, 2017). At its 

core, the vast digital metropolis of the Internet revealed our collective sense of loneliness as a political 

collective (Tiffany, 2017). For many Americans, 2017 represents the nadir when they tired of big social 

media. 

People want smaller networks. They want to reclaim the political arena, build collaborative 

communities, and enhance democracy (Witter & de Vries, 2013). On the outskirts we find a new path 

through self-organised emergence (Bollier, 2017a). Our communities thrive when they are social and 

local (Hidalgo, C., 2015). When separate, local efforts connect with each other as networks, and 

coordinate activities and talent, a new system emerges at a greater level of scale with faster cycles of 

creative iteration (Bollier, 2017a). The concept of emergence and leveraging network power has 

always encountered resistance from the old guard of electoral politics and standard economics (Bollier, 

2017a). We have reached a societal inflection point on the limits of markets and centralised 

bureaucracies, obsessed by total control, engineered dependencies, and elimination of space for social 

deliberation and genuine human agency (Bollier, 2017b). To truly unlock a new kind of politics that is 
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more accountable, decentralised, and human scale we must bypass large institutions and formal 

systems of authority, to equip self-organised groups with the ability to set new terms of social trust 

and legitimacy (Bollier, 2017b). 

The pervasive culture of individualism driven by asserting identity overlooks the empowerment 

associated with community; to be united by place and shared values, or more powerfully joint 

ownership (Bollier, 2017b; Garber, 2017). We need to negate fragmentation amplified by platforms 

through excessive personalisation (Pariser, 2011; Sunstein, 2018). Several emerging trends signal 

change. Platforms can use data mining to act as a centripetal force to represent what broader publics 

are saying and doing (Kennedy & Moss, 2015). There is also a rise in platform co-operativism (Scholz 

& Schneider, 2016). This seeks to build a cooperative economy by addressing market externalities 

generated by platforms. At an aspirational level O’Reilly (O'Reilly, 2017b) advocates technology 

companies to rediscover the original Silicon Valley vision of building a real business; to abandon 

extractive practices and cultivate goal-seeking behaviour for positive change. Increasingly, new 

business models are being generated that uncover higher order jobs that deliver value to customers 

aligned with Maslow’s psychological theory on human motivation commonly referred to as the 

“hierarchy of needs” (Maslow, 1943). In conjunction with building behaviours using technology we 

aspire to a normative vision of cohesive communities (Eyal, 2017b). In the next section we introduce 

how a design led, mobile first, behavioural focused approach can shape the user experience for societal 

goals. 

 

9.6 Principle-Driven Design 

The role of design in business has a rich history. Since the mid-nineteenth century classical design has 

been used to address new product and service needs of the industrial economy (Maeda, 2018; 

Muratovski, 2015). Towards the late twentieth and early twenty-first century new economic structures 

and concentration of design capital have transformed the design landscape (Muratovski, 2015). These 

changes redefine how design creates value and experiences. Design-led innovation in the form of 

design thinking with an emphasis on individual experience has replaced complexity with simplicity, 

convenience, accessibility, and affordability (Cajide, 2016; Kātz, 2015; Maeda, 2006; Muratovski, 2015; 

Vassallo, 2017). A third wave of design known as computational design is emergent driven by Moore’s 

law, mobile computing, and latest technology trends (Maeda, 2018; Vetrov, 2017). The rise of design 

as a strategy for growth is changing business and society (Muratovski, 2015). 
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Design is concerned with how things ought to be (Simon, 1996). It is more than beauty alone; about 

market relevance and meaningful outcomes (Maeda, 2018). While ICT has delivered gains in efficiency 

and productivity it has not led to improvements in quality of life (Fischer, 2017). The nudge framework 

shares many objectives with meta-design in the context of human-centred design (Fischer, 2017). It 

offers a way forward to build around a purpose, and design behaviours and experiences at the user 

level. We draw upon best practices in interaction design and psychology to change user behaviours 

(Eyal, 2017b). Given people use smartphones to get everything done, our design approach adopts a 

mobile first strategy (Gevelber, 2016; Levin, 2014; Wroblewski, 2011). Software is celebrated for eating 

the world (Andreessen, 2011). Code itself, however, merely embeds design choices that drive 

information flow and outcomes (Bennett, 2017). This chapter section encapsulates the essence and 

significance of our contribution: design as applied to the digital product strategy and the user 

experience. We explain our use of the Hook Model, an extension of the original behaviour model by 

(Fogg, 2002, 2007) and incorporate key psychological research by Cialdini (2009) on influence. User 

experience is a large and deep field, from within we identify key aspects that relate to shaping 

experience as interaction and heuristics to guide the quality of the look, feel, and usability of the digital 

product. These form inputs to our lean UX process in the mobile prototyping design stage and eventual 

digital product. 

 

9.6.1 Digital product strategy and Behaviour Change 

One of the key determinants of success for high-technology companies is digital product strategy 

(McGrath, 2000; Mrkalj, 2019). From the outset it defines and shapes how their digital products will 

win or lose in the marketplace. It starts with an understanding of users desired outcomes and working 

backwards to the technology (Jackman, 2018). Over the years various lenses of digital product strategy 

have emerged: the big idea; the job switch; the pyramid; the journey; the story; and the hook (for 

discussion on each see Jackman (2018)). These different lenses can be applied to any digital product 

by any team for immediate results (Jackman, 2018). We select and focus exclusively on the Hook. 

It is important to outline the Hook originates from and extends B. J. Fogg’s Behaviour Model (FBM) 

(Fogg, 2002, 2007). The FBM shows that for behaviour change to occur three elements must converge 

at the same time: motivation, ability, and triggers. There are three core motivators that drive all 

behaviour: seeking pleasure and avoiding pain; seeking hope and avoiding fear; and seeking social 

acceptance while avoiding social rejection (Fogg, 2002, 2007). Ability is governed by six simplicity 

factors of time, money, physical effort, brain cycles, social deviance, non-routine (Fogg, 2002, 2007).  
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Motivation and ability can be traded but for a trigger (facilitator, spark, signal) to be successful it must 

be to the right of the action line (see Figure 9-4).  

 

Figure 9-3: Fogg Behaviour Model 

 

Nir Eyal extended FBM and established a new design formula known as the Hook (Jackman, 2018). It 

explains how to create habit-forming behaviour by progressing users through a four-step interaction 

cycle that consists of a trigger, an action, a variable reward, and continued investment (see Figure 8-

5) (Eyal, 2014). The first step in the Hook model is the trigger. They come in two types, external and 

internal cues, and tell the user what to do next, either by placing information in the user environment 

or through memory associations (Eyal, 2014). A familiar external trigger is a notification on your phone 

or in your browser (Jackman, 2018). An action is the simplest behaviour in anticipation of a reward. 

The behaviour is as described by FBM. The third step is variable reward which there are three types: 

the tribe, the hunt, and the self (Eyal, 2014). The tribe involves the search for social rewards associated 

with human connectedness. The hunt is the search for material resources and information. The self is 

the search for intrinsic rewards associated with mastery, competence, and completion. The final step 

is investment and concerns anticipation of future rewards (Eyal, 2014). Investments in use of a product 

harnesses user preferences for commitment and behavioural consistency (Cialdini, 2009; Fessenden, 

2018). It increases the likelihood of returning and enabling the accrual of stored value in the form of 

content, data, followers, reputation, and skills (Eyal, 2014). Hence, the Hook becomes a repeated cycle. 
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Figure 9-4: Hooked Model (Eyal, 2014) 

 

Technology companies have widely adopted the Hooked Model. Many strive to get users to do more 

by doing less (Eyal, 2017b). The focus is on small behaviours in your life that hopefully reap large 

rewards (Eyal, 2017b). Accordingly, mobile app features are being designed for quick entry and exit, 

simple core user behaviour, and faster habit creation (Eyal, 2017b). The law of design to decrease the 

amount of effort users expend doesn’t always hold true (Eyal, 2017a). Conversely, expending effort on 

even small tasks seem to commit us to it and draw us back in to digital products (Eyal, 2017a). This 

user investment becomes valuable when stored value meets a network effect (Eyal, 2017a). The 

continual investment from users who post content regularly amplifies the pull for a large percentage 

of users and increases overall amounts of value (Eyal, 2017a). 

 

9.6.2 User Experience (UX) 

User experience (UX) is critical to the success of digital products. In broad terms UX encapsulates the 

look, feel, and usability of a digital product. Morville (2004) identifies seven factors that describe user 

experience (see UX Honeycomb in Figure 9-6). The key takeaway is digital product success depends on 

more than utility and usability alone. 
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Figure 9-5: The UX Honeycomb (Morville, 2004) 

 

Hassenzahl and Tractinsky (2006) explain the rise of UX as a countermovement to the dominant, task 

and work-related ‘usability’ paradigm. It incorporates facets beyond the functional; the positive, the 

emotional and the experiential (see Figure 9-7). This broader view of technology use acknowledges a 

complex, situated, subjective, and dynamic encounter (Hassenzahl & Tractinsky, 2006). Therefore, UX 

is a combinatorial consequence shaped by the system design (eg. complexity, purpose, usability, 

functionality), a user’s internal state (predispositions, expectations, needs, motivation, mood, etc), and 

the context (or the environment) where the interaction occurs (eg. organisational/social setting, 

meaningfulness of the activity, voluntariness of use, etc.) (Hassenzahl & Tractinsky, 2006). The role of 

emotion and the experiential is central to design of our digital product UX. We discuss these aspects 

further. 
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Figure 9-6: Facets of UX 

 

9.6.3 Emotion 

People form powerful and enduring emotional connections with the products they use (Komninos, 

2017). They help determine how we perceive the world and guide our behaviour (Komninos, 2017). 

Behaviour is a physical action that is observable both externally and internally (Ortony, Norman, & 

Revelle, 2005). How people function effectively in the world, however, involves a complex interplay of 

four domains of functioning (Ortony et al., 2005). These domains are: affect (what people feel), 

motivation (what are people’s needs and wants), cognition (what people know and believe, essentially 

meaning), and behaviour (what people do) (Ortony et al., 2005). Affect subsumes valenced conditions 

such as emotion, mood, feelings, and preferences (Ortony et al., 2005). Emotions are affective 

conditions that are about something, distinguishable from feelings which are read-outs of the brain’s 

registration of the bodily conditions and changes (Ortony et al., 2005). Emotions are interpreted 

feelings, where feelings are necessary but not sufficient for emotions (Ortony et al., 2005). 

Product design strives to induce an emotional response in the user, group, and societal level. Norman 

(2004) provides a 3-level model of emotional design, focusing on how a user feels when interacting 

with a product. The three different, yet interconnected levels, are visceral, behavioural, and reflective 

design. Each of the layers corresponds to a different type of information processing as affect manifests 

uniquely at each level (Ortony et al., 2005). Visceral design concerns itself with appearance, 

behavioural design relates to pleasure and effectiveness of use, and reflective design considers the 

rationalisation and intellectualisation of a product against highly personal and subjective factors (see 
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Figure 8-8) (Norman, 2004). Reflective design is the highest level of Ortony et al (2005) model of 

emotion and design and the only conscious form of processing. This process is where users actively 

consider how a product personally relates to us, whether it enables them to connect with other people 

and our wider environment, and how it reflects upon us to own and use it. 

 

Figure 9-7: 3-Level model of Emotional Design 

 

Additional specific factors for product design are psychological and physical qualities unique to a user 

base (eg. users may suffer a health condition), dispositional factors (user feelings at a particular time 

of use) that require a need for speed, ease of use, and clear instructions during a specific process, and 

situational factors (context of use) where design must be sensitive to the variety of conditions in which 

a product will be used (Bessiere, Newhagen, Robinson, & Shneiderman, 2006). 

 

9.6.4 Experiential 

User experience has shifted towards an experiential perspective on product quality (Hassenzahl, 2008). 

Historically, products were evaluated by their pragmatic quality. This refers to a product’s perceived 

ability to support the achievement of “do goals”, such as making a telephone call, finding a restaurant 

online, and booking accommodation (Hassenzahl, 2008). The focus is on utility and usability in relation 

to potential tasks. While this remains a foundation for products going forward a companion is hedonic 

quality. This refers to a product’s perceived ability to support the achievement of “be-goals”, such as 

being competent, being related to others, or being special. In contrast, the focus is on the Self, to look 
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beyond the instrumental and identify human needs for self-expression, personal growth, novelty and 

change, and/or relatedness. Hassenzahl (2008) argues the fulfillment of be-goals drives experience. 

Usability alone is not desired. What is desired is to be autonomous, competent, popular, stimulated, 

and related to others. If these be-goals are fulfilled through a producer experience then users attach 

hedonic attributes to it Hassenzahl (2008). Subsequently, perceived hedonic quality becomes an 

indicator of potential fulfillment of be-goals through interaction with the product (Hassenzahl, 2008). 

Thus, hedonic quality contributes to the core of positive experience whereas the value of pragmatic 

quality gets its value through facilitating the pursuit of meaningful be-goals (Hassenzahl, 2008). 

There are three main approaches to applying and interpreting user experience in design: the 

measuring, empathic, and the pragmatist approach. The role of emotional experiences is intrinsic to 

each, however as they originate from different disciplines how they handle emotion varies (Battarbee 

& Koskinen, 2005). The measuring and empathic approaches interpret emotions as a driving forces of 

human conduct. The pragmatist perspective contests this assumption and offers a situated theoretical 

view of interaction based on unity of action, emotion, and thought in the individual (Battarbee & 

Koskinen, 2005; Forlizzi & Ford, 2000). The term co-experience expands the pragmatist model to 

describe experiences with products in terms of meaning formation, integration, and change as they 

become part of social interaction. It builds on three classic principles of symbolic interactionism, a 

sociological tradition. First, people act towards things through the meanings they have for them. 

Second, meanings arise from interaction with one’s fellows. Third, meanings are handled in, and 

modified through, an interpretive process used by the person in dealing with things he encounters 

(Blumer, 1986). By adding social interaction to the pragmatist model it outlines an interpretive process 

used by people to define situations where they take into account nonsymbolic gestures and 

interpretations of others (Battarbee & Koskinen, 2005). 

The interactionist perspective on co-experience is that experience is a social phenomenon. The co-

experience model highlights three general ways: 

• Lifting experiences: often subconscious experience migrates to become ‘an experience’ 

through a social process 

• Reciprocating experiences: once lifted up in this way, recipients acknowledge and respond to 

experience 

• Rejecting and ignoring experiences: experiences brought to the attention of others may also 

be rejected or downgraded by others 
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They key feature is what people select from experience to be shared with others (Battarbee & 

Koskinen, 2005). Reasons aside, be they practical or emotional, what people communicate is to draw 

shared attention to “an experience” and invite others to join in (Battarbee & Koskinen, 2005). Co-

experience is based on a simple observation: the creation, elaboration, and evaluation of experiences 

is shared endeavour performed by people, where products can be the subject, object or means of 

these interactions (Battarbee & Koskinen, 2005). Social processes are significant in meaning formation 

not only for the individual but their network as well. 

 

9.6.5 Enterprise UX 

The UX domain is a dynamic space. Practitioners are constantly experimenting with new approaches 

to improve information processing, building emotional connections, personalisation, and enablement 

with novel technologies (eg. wearables, augmented/virtual reality). The difference between enterprise 

and consumer UX design has disappeared (Six, 2017). Consumers have demanded the professional 

features of enterprise applications, and enterprises expect the simplicity of consumer applications (Six, 

2017; Tobias, 2018). Enterprise applications remain inherently more complex with features to provide 

business intelligence, workflows, collaboration, and productivity-management capabilities (Six, 2017). 

Enterprise UX design lags consumer applications. This is cultural, many companies yet to embrace 

better user experiences as a profit driver. The benefits of enterprise UX remain unrealised due to issues 

of inefficiency, high training costs, inability to accomplish work, high support costs, and low employee 

morale (Six, 2017). Treder, Cao, and Ho (2017) reported the top four challenges in the Enterprise UX 

industry for 2017 to 2018: improving UX consistency (59%); testing designs with end-users (46%), 

clarifying requirements (46%); and collaborating between teams (44%). These issues reinforce the 

significant internal constraints to delivering technology solutions for enterprise settings. 

 

9.6.6 Strategic UX 

To improve the user experience of enterprise digital products is to embrace the complexity of both the 

organisation and software being designed (Vizard, 2016). It requires UX designers to find the 

opportunity, beauty, and challenge in this environment (Vizard, 2016). Siegel (2017) argues that for UX 

to contribute at the strategic level involves a change in mindset by making the problem bigger. In doing 

so, it shifts digital product development from incremental to game-changing to solve problems at a 

higher level (Siegel, 2017). There are several dimensions where technology has enabled societal 

progress. Our interest is in addressing the human element. In particular, the dimension of scalable 
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cooperation and coordination over larger and more diverse territories and assemblages of people 

(Siegel, 2017). 

The challenge of building digital products for enterprise necessitates a strategic approach to UX. Vizard 

(2016) offers recommendations for those already working within organisations to build trust with 

stakeholders and to understand the data models. The latter is the foundation of the application and 

source of vast amounts of interconnected data. Enterprise grade software increasingly has a common 

feature set whose implementation increases adoption of new digital products. To meet user demands 

we adopt a hybrid UX strategy that combines elements of both traditional and lean UX processes. 

These are discussed separately. 

 

9.6.7 Framework: Traditional and Lean UX Processes 

UX has a wide range of research methods. It is unrealistic to use the full set of methods for a given 

project, instead recommended to use multiple research methods and combine insights (Rohrer, 2014). 

A 3-dimensional framework helps to understand which research method to use along the axes: 

attitudinal vs behavioural; qualitative vs quantitative, and context of use. From a traditional UX 

perspective the 20 popular methods results can be evaluated against validated guidelines. UX itself is 

a broad term that can be further segmented into specific sub-domains of interaction design, user-

interface (UI) design, and usability. We summarise these in the table below (Table 9-6). 

 

 Interaction Design User Interface Design Usability 

Definition The design of elements 

that form an interaction 

between users and 

products 

The creation of intuitive, 

well-designed and 

frustration-free user 

interfaces 

The extent to which a 

system, product or 

service can be used by 

specified users to 

achieve specified goals 

with effectiveness, 

efficiency and 

satisfaction in a specified 

context of use 

Key Guidelines The 5 dimensions of 

interaction design 

8 Golden Rules of 

Interface Design 

A usable interface has 

three main outcomes: 
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1D: words 

• Words – especially 

those used in 

interactions, like 

button labels – 

should be 

meaningful and 

simple to 

understand 

2D: Visual 

representations 

• This concerns 

graphical elements 

like images, 

typography and 

icons that users 

interact with 

3D: Physical objects or 

space 

• Through what 

physical objects do 

users interact with 

the product? 

4D: Time 

• While this dimension 

sounds a little 

abstract, it most 

refers to media that 

changes with time 

(animation, videos, 

sounds) 

• Strive for 

consistency 

• Seek universal 

usability 

• Offer informative 

feedback 

• Design dialogs to 

yield closure 

• Prevent errors 

• Permit easy reversal 

of actions 

• Keep users in control 

• Reduce short-term 

memory load 

 

10 Rules of Thumb 

• Consistency and 

standards 

• Visibility of system 

status 

• System match to the 

real world 

• User control and 

freedom 

• Error prevention 

• Recognition rather 

than recall 

• Flexibility and 

efficiency of use 

• Aesthetic and 

minimalist design 

• It should be easy for 

the user to become 

familiar with and 

competent in using 

the user interface 

during the first 

contact with the 

website. 

• It should be easy for 

users to achieve 

their objective 

through using the 

website. 

• It should be easy to 

recall the user 

interface and how to 

use it on subsequent 

visits. 
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5D: Behaviour 

• This includes the 

mechanism of a 

product: how do 

users perform 

actions on the 

website? 

 

• Help users 

recognise, diagnose 

and recover from 

errors 

• Help and 

documentation 

 

There is considerable 

overlap between 

Shneiderman rules and 

Neilsen & Molich 

heuristics 

 

Reference Moggridge and Atkinson 

(2007); Norman (2013) 

Shneiderman et al. 

(2016); Nielsen and 

Molich (1990) 

ISO (2018) 

Table 9-6: UX 3-dimensional framework 

 

9.6.8 The Lean UX Process 

A companion to traditional UX is the lean UX process. Lean UX is defined as extremely focused software 

development. It focuses on the experience under design and less on the deliverables commonly 

associated with traditional UX. The approach is ideal for smaller organisations especially startups 

creating new digital products (Gothelf, 2013; Liikkanen, Kilpiö, Svan, & Hiltunen, 2014). Lean UX 

requires a greater level of team collaboration (Anon, 2017a). Ultimately, the goal of lean UX is to 

produce as quickly as possible with minimal resources a digital product that satisfies customer needs. 

The lean UX approach is summarised as six key principles: 

1. Early customer validation vs. releasing digital products with unknown end-user value 

2. Collaborative cross-functional design vs. lonely hero design 

3. Solving user problems vs. adding cool features 

4. Measuring key performance indicators vs. undefined success metrics 

5. Applying appropriate tools flexibly vs. following a rigid methodology 
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6. Nimble design vs. heavy wireframes or specifications 

The lean UX approach can be implemented as a practical three-stage iterative process: think, make, 

check. Each stage draws on select research methods illustrated in Figure 8-9. This approach overlaps 

with the wireframing process described by Hamm (2014) and visualised in Figure 8-10. Both reinforce 

the consensus on the common flow and methodology for the UX design process (Hamm, 2014). 

 

Figure 9-8: The Lean UX approach (Source: Phillips, 2013 - Workshop slide) 

 

 

Figure 9-9: Wireframing Essentials (Source: Hamm, 2014) 
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Traditional UX was originally conceived for the web, accessible by laptops and desktop computers. The 

shift to mobile web and pervasive adoption of smartphones that are smaller, faster, and feature-rich 

multi-touch devices introduced new design considerations. Basic guidelines for mobile specific design 

are designing for the smallest mobile platforms; keeping navigation simple; keeping content to a 

minimum; reducing the inputs required from users; remembering mobile connections are not stable; 

and delivering a continuous integrated experience as users move between mobile and desktop (Anon, 

2017a; Natoli, 2014). 

 

9.7 Executed Process 

We adopt the lean UX process, also informed by traditional UX best practices throughout. The think 

stage involves user research, persona development, and information architecture. The make stage 

focuses on user flows, paper prototyping, and wireframes. The check stage is exclusively about user 

testing. This step involves two passes, first with lo-fi paper prototypes followed by clickable 

wireframes. In relation to Hamm (2014) we achieve final UX design delivery with screenshots and app 

specifications. We discuss each stage in further detail. 

9.7.1 Think 

The primary focus of the ‘Think’ stage was to understand our users and the features required to solve 

their problem. The research methods employed were user interviews, contextual enquiry, and 

personas. We segmented our target community into administrators/political parties overseeing or 

participating in elections and members/students/alumni. A semi-structured open interview list of ten 

themes was developed. The questions asked covered importance of elections, language, how 

information is distributed/accessed, experience/timing of gathering such information, online social 

platforms used, engagement, identifying trusted people who turn to for advice during elections, 

information relied on for decision-making, time involved in creation/distribution of information, and 

skills learned/valued during elections. Interview participants were recruited by targeting relevant 

organisations across Australia and word of mouth. A total of fourteen (14) people, eight males (57%) 

and six females (43%) agreed to be interviewed. All participants signed a recording consent form. 

9.7.2 Make 

Based on interview insights we developed lo-fi paper prototypes of mobile app screens followed by hi-

fi clickable, interactive prototypes of mobile app wireframes. The lo-fi and hi-fi prototypes were tested 

separately and discussed in the ‘Check’ section that follows. 
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We used the free UX design prototyping tool, Invision App for our ‘Make’ needs. This user interface 

design tool is ideal for those getting started in app development and enables creation of both 

prototypes and wireframes for your app (Naylor, 2017). The creator can add design assets (it supports 

GIFs, PNGs, JPEGs, PSDs, and Sketch source files) with an intuitive drag and drop graphical user 

interface (GUI), or by synching with Dropbox. The digital product design platform allows you to draw 

hotspots on your digital assets, set them to link to other assets, external URLs, or anchors. Further, a 

range of interactivity can be added in form of gestures (taps or swipes), fixed areas (menu bar), and 

transitions. The final project can be viewed across multiple devices (smartphone, tablet, or desktop) 

simply by sending customisable links to other people you wish to involve and comment on the UX 

design process. 

9.7.3 Check 

The principal activity in the ‘Check’ stage is user testing. Usability testing checks the solidity of an 

interface design. There is a common misconception that user testing is expensive and demands a lot 

of resources. However, testing just five users will uncover 85% of problems with an interface (Lewis, 

1994; Nielsen & Landauer, 1993; Sauro, 2010; Virzi, 1992). Usability test follows a mathematical 

problem discovery rate model, or poisson distribution. Therefore, return on investment is maximised 

when testing with small groups using a test-and-iterate methodology (Turner, Lewis, & Nielsen, 2006). 

Nielsen (2000) recommends up to 15 users to discover all the usability problems. We run two waves 

of testing with a total of 11 users which probabilistically catches 98% of problems. The user testing 

was conducted in dedicated facilities and with specific instrumentation. This is discussed later. 

Wave 1: Lo-fi 

The first wave user testing was performed with a lo-fi paper prototype. There was in total 19 exhibits, 

each related to a task performed in the app and aligned with a purpose/pathway as part of the user 

journey. The user journey included account creation/sign-up; the news feed; election tab; forum; 

pledge and vote; and user profile. A prototype discussion evaluation guide was prepared for the 

facilitated individual user testing session and timely completion within the assigned 45 mins. Usability 

severity codes based on Xerox Corporation (Pierotti, 1995) were applied based on user task 

performance. No severe or high scores were recorded. In line with best practice, five users were tested, 

three males (60%) and two females (40%). All users signed video recording consent form and received 

a $5 coffee voucher as a gesture of gratitude for their participation. 

The second wave user testing involved an interactive, clickable wireframe prototype displayed on 

smartphone. The screens incorporated feedback and observations based on the first wave usability 
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testing. A prototype discussion evaluation guide was used along with usability severity codes. Similarly, 

no severe or high scores were recorded.  A total of six users were tested, four males (67%) and two 

females (33%). All users signed video recording consent form and received a $5 coffee voucher as a 

gesture of gratitude for their participation. 

 

9.7.4 UX Testing: Facilities and Procedure 

To understand the design and use of our digital product we conducted user experience tests and 

interaction research sessions in a specialist usability lab located on campus. The Interaction Design Lab 

(IDL) contains a control room for monitoring single or multiple sessions, and highly configurable 

observation rooms, and sophisticated audio-visual equipment. See figures 9-11 and 9-12 below. 

 

 

Figure 9-10: Control Room 
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Figure 9-11: IDL Floor Plan 

 

All our sessions adopted a standard configuration. This included use of: the control room, observation 

room 2 only, and the waiting room for recruited participants. The observation room has two cameras 

set up, one mounted top down. Each camera connects to a video mixer in the control room which 

connects to a separate video recorder respectively. This provides two streams (one with picture-in-

picture and another with just the participant). A single microphone in the room gets split in the control 

and sent to the two recorders. Sessions are illustrated in Figures 9-13 and 9-14 and equipment summay 

in Table 9-7. 
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Figure 9-12: Top down, Picture-in-Picture (released with consent) 

 

 

Figure 9-13: Participant Only camera (released with consent) 

 

 

Resource Quantity Model 

Cameras 2 Panasonic AW-HE2E 

Recorder 2 Crestron CAPTURE-HD-PRO Digital Recorder 
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Microphone 1 M1250B Shotgun Microphone 

Audio-mixer 1 Yamaha MG82CX 4-Channel Mixer 

Video-Mixer 2 Panasonic AW-HS50E Digital Video Mixer 

Table 9-7: Audio-visual equipment specification 

 

9.7.5 Final Digital Product Screenshots 

Following the UX design process the final digital product is displayed with screenshots in Figures 9-15 

to 9-19 below. 

 

Figure 9-14: Welcome, Sign-up 
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Figure 9-15: News Feed (News, Photos, Events) 

 

 

Figure 9-16: Election 
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Figure 9-17: Polls 

 

 

Figure 9-18: Profile 

 

9.8 Technical Infrastructure 

Human social systems are complex. To decode and better understand these social systems requires 

architecture capable of capturing traces of social behaviour.  Digital platforms enable such insight; 

their architectures are modularisations of complex systems (Baldwin & Woodard, 2009). The 
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contribution of this final section is how digital traces of behavioural data are recorded and stored in 

an accessible format ready for statistical analysis. 

Modularity permits small sub-systems to be designed independently yet able to operate in an 

integrative fashion (Baldwin & Clark, 2000). A system may be partitioned into a set of components 

whose design is stable and varied (Baldwin & Woodard, 2009). Interaction between the components 

is governed by stable yet versatile interfaces (Baldwin & Woodard, 2009). The interface specifications 

adhere to established design rules which underpin increased experimentation, novelty, innovation, 

and growth in today’s economy (Baldwin & Clark, 2000).  

Inherently, platform systems are evolvable (Baldwin & Woodard, 2009). Their founding paradigm 

originated in the late 1950s with the mainframe computer system as the first platform and dominant 

model of computing. This was followed by the second platform of the client/server system from the 

1980s to present. The last decade has seen a transition to the third platform defined by four technology 

pillars: social, mobile, analytics, and cloud (Gens, 2013; Gens et al., 2016). This set reflects a new 

economic model (higher volumes, lower prices, faster cycle times) transforming the social economy 

(Ackx, 2014; Gens, 2013; Gens et al., 2016). These foundation technologies are forecast to evolve 

dramatically with growing capabilities and expanding needs of the digital transformation (DX) 

economy, driven by more of: mobility (mobile everything, always connected); big data (cognitive/AI); 

social (immersive/VR); and cloud (distributed, trusted, intelligent, industry specialised, channel 

mediated, and concentrated) (Gens et al., 2016). 

At the core of the transition from monolithic infrastructure and applications to distributed and 

modular alternatives are application programming interfaces (APIs) (Murphy & Sloane, 2016). An API 

is a way for two computers to communicate over a network (typically the Internet) using a common 

language they both understand (Jacobson, Woods, & Brail, 2011). The strategic business value of APIs 

is twofold: attract blockbuster complements and are windows to new ecosystems (Iyer & 

Subramaniam, 2015). Platforms and ecosystems are two faces of the same coin (Malinverno, O'Neill, 

& Moyer, 2017). Industry trends signal APIs both as the building blocks of digital ecosystems and 

driving non-linear ecosystem growth in data-rich industries (Apigee, 2017; Jacobson et al., 2011). 

Fundamental to this are clear business use cases, strong developer programs, and treating APIs as 

products with trackable business KPIs (Apigee, 2017). The broadening of interest in enterprise-

oriented technologies like SaaS, big data, microservices and AI reinforce APIs as the nexus of these 

areas and long-term growth (Murphy & Sloane, 2016). The explosion of vertical (aka industry specific) 

software in the SaaS industry attests to this trend (Vouillon, 2017). While still early days, two types of 

vertical APIs have emerged: data APIs and infrastructure APIs. The former collect industry specific data 
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and monetise their access; the latter enable users to build industry specific compliant products eg. 

TrueVault an HIPAA compliant API to store health data (Vouillon, 2017). 

 

9.8.1 Layered architecture 

The platform follows a layered architecture pattern otherwise known as the n-tiered or multi-tier 

architecture pattern (Richards, 2015; Shaw & Garlan, 1996). It is the most common software 

architecture pattern and default standard for most Java Enterprise Edition (EE) applications (Richards, 

2015; Shaw & Garlan, 1996). The pattern closely matches traditional IT and hierarchical governance 

structures found in enterprises and companies. Given our focus on an institutional environment the 

pattern is well aligned. 

Components within the layered architecture are organised into horizontal layers that are physically 

and logically separated (known as layers of isolation) and perform a specific role in the application 

(Richards, 2015; Stackify, 2017). We have three layers: presentation, business logic, and data access 

layers. The presentation layer handles all the user interface and communication logic; business layer 

executes specific business rules associated with the request, and the data access layer is responsible 

for any database operations (Richards, 2015; Stackify, 2017). 

N-tier architecture is a good general-purpose architecture when starting out with several benefits: 

development, testability, complexity, security, scalability, resilience and redundancy, maintenance 

flexibility, and disaster recovery (Richards, 2015; Stackify, 2017; Watts, S., 2017). Disadvantages of N-

tier architecture concern overall agility, deployment, performance, and higher capital expenditure and 

operating expenditure. The final issue has been removed by cloud computing offerings (Richards, 

2015; Stackify, 2017; Watts, S., 2017). 

 

9.8.2 Technology Stack 

The infrastructure that provides for our platform system is known as the technology (tech) stack. This 

is a set of software products and programming languages used to create a web or mobile application. 

Applications have two software components: client-side and server-side. Alternatively described as 

front-end and back-end. Our platform n-tier architecture is represented in Figure 1. It combines various 

applications identifiable by component type. 
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Figure 9-19: Platform n-tier architecture 

 

9.8.3 Client-side 

The client-side or frontend contains both web and mobile applications that comprise the presentation 

layer. 

The web application enables the community partner to upload and publish content as 1: N 

communication. The web application uses React for the creation of user interface components (Banks 

& Porcello, 2017). React is a javascript (JS) library that allows greatly simplified composability and 

flexibility of how to structure and display data (CACM, 2016). The redux library is used for handling of 

data and state in our React application (Abramov & Clark, 2015; Hooks, 2019) 

The mobile application allows the user to access and engage with content distributed by the web 

application.  are based on the mobile operating systems: iOS and Android. An operating system (OS) is 

a software that manages computer hardware whose purpose is to enable users to execute programs 

in a convenient and efficient manner (Silberschatz, Galvin, & Gagne, 2014). The OS can vary internally 

greatly by the way organised and number of features. A mobile operating system applies to tablets, 

phones, smartwatches, and other mobile devices. Mobile OS account for majority usage share of 

operating systems. The global mobile OS are dominated by Android and iOS at 99%; and 64.91% and 

34.62% respectively (Anon, 2018d). In the Australian market mobile OS share is reversed with iOS at 

59.03% and Android 40.44% (Anon, 2019). 
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Mobile OS OS Family Architecture Version Backward 

Compatible 

Android Unix-like Monolithic 

Linux Kernel 

8.1.0 Oreo Yes 

Android 4.0 Ice 

Cream Sandwich / 

API 14 minimum 

iOS Unix-like, based 

on Darwin, 

macOS 

Hybrid 

XNU 

11.1 Yes 

iOS 8.0 minimum 

Table 9-8: Mobile OS Summary 

 

The mobile OS for Android and iOS use different approaches, programming languages, and application 

publication (Tracy, 2012). Our mobile applications are built and maintained in line with the latest SDK 

version and support libraries (see table 8-8 above). For additional background on respective OS 

histories, perspectives, and features we recommend for Android: Gandhewar and Sheikh (2010), 

Callaham Callaham (2017) and the dedicated website for Android (2019). For iOS: see Hill (2017), Eddy 

and Muchmore (2017), and Novac, Novac, Gordan, Berczes, and Bujdosó (2017). 

 

9.8.4 Server-Side 

The server-side or backend contains the business logic and data access layers. Specifically, where our 

RESTful APIs, graph database, docker image, and cloud configuration reside. 

The core of our architecture are RESTful APIs. Representational State Transfer (REST) is an architectural 

style that defines the world wide web and reigns supreme (Benslimane, Dustdar, & Sheth, 2008; 

Pautasso, Zimmermann, & Leymann, 2008; Richardson & Ruby, 2008). RESTful services are simple, 

lightweight, scalable, and declarative in comparison to SOAP-based services (Garriga, Mateos, Flores, 

Cechich, & Zunino, 2016; Malik & Kim, 2017; Vinoski, 2008). RESTful services exhibit four properties 

that explain the success and the scalability of the HTTP protocol implementing them: representations, 

addressability, uniform interface, and stateless (Garriga et al., 2016; Pautasso et al., 2008). 
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Property Description Source 

Representation Key abstraction of information is a resource. Any 

element (eg. document, image) can be a resource 

and the target of a hypertext reference. A 

resource representation is self-descriptive. 

Garriga et al. (2016); 

Pautasso et al. (2008) 

Addressability Each resource is addressable using a unique 

worldwide identifier (URI) 

Garriga et al. (2016) 

Uniform Interface For all resources: 

-  GET (Query the state, idempotent, can be 

cached) 

- POST (Update a resource or create a child 

resource) 

- PUT (Transfer the state on existing/new 

resource) 

-DELETE (Delete a resource) 

Based on CRUD (CREATE, READ, UPDATE, and 

DELETE) methods 

Pautasso et al. (2008) 

Stateless Every HTTP request happens in complete 

isolation. Hyperlinks define relationships 

between resources and valid state transitions of 

the service interaction. 

Richardson and Ruby 

(2008); Pautasso et al. 

(2008) 

Table 9-9: RESTful services 

 

Web APIs that conform to the REST architectural constraints are generally referred to as RESTful APIs. 

(Deering, 2012). They are considered the dominant API philosophy (Lane, 2017). Our RESTful services 

include approximately 22 proprietary, private APIs. A private API, or internal API, is an interface to 

connect the function of different applications within one specific system (Jacobson et al., 2011; Qiu, 

2017). Swagger, an open source framework supported by an ecosystem of tools is used to build, design, 

document, and consume our RESTful services (Tsouroplis, Petychakis, Alvertis, Biliri, & Askounis, 2015). 

The Swagger specification was renamed the OpenAI specification in January 2016.  
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Rather than have a single general-purpose API backend, instead one backend per user experience is 

recommended (Newman, 2015). These are called Backend for Frontend (BFF). They make it easier to 

define and adapt the API as the UI requires, and simplify deployments (Newman, 2015; Plotnicki, 

2015). The model adopted is a single BFF for each different type of client – Web, iOS, and Android. All 

the BFFs are based on the same core library/framework yet attuned to the different API needs 

particularly in the case of the mobile platforms (Plotnicki, 2015). Mobile platforms have smaller 

payload footprint, request frequency, and enforce HTTPs requirements (Plotnicki, 2015; Tea, 2017).  

The platform data access layer provides access to data in persistent storage in the form of a graph 

database. A graph is simply a set of nodes and the relationships that connect them (Robinson, Webber, 

& Eifrem, 2013). This general-purpose, expressive structure can be represented as a graph model. A 

popular variant of the graph model is the property graph model. Robinson et al. (2013) list key 

characteristics: 

• It contains nodes and relationships; 

• Nodes contain properties (key-value pairs); 

• Relationships are named and directed, and always have a start and end node 

• Relationships can also contain properties 

A graph database is an online management system based on CRUD methods that expose a graph data 

model (Robinson et al., 2013). Elliott (2014) argues data will define the future of social relationship 

platforms. There has been a discernible investment shift to graph databases, combined with data-

mining and machine learning to drive real-time prediction as a form of governance (McQuillan, 2015). 

Three problems prevent firms from turning data into action: 1) too much data and little insight; 2) poor 

linkage between insight discovery and business action; and 3) few lessons learned from actions taken 

(Yuhanna, 2015). Graph databases will close the gap between insights and action (Yuhanna, 2015). 

We adopt the market leader, Neo4j, an open-source graph database for storage and processing graph-

structured data (Burt, 2017; Miller, 2017; Yuhanna, 2015). The latest version 3.3 enterprise edition is 

deployed as a native graph database to support our social network application. This provides a range 

of benefits from performance, scalability, and fault tolerance (Pacaci, Zhou, Lin, & Özsu, 2017). A richer 

description of Neo4j features is available on the vendor website (www.neo4j.com).  

To package a machine as a standardised unit and avoid “runs on machine” and “dependency hell” 

containers are used (Aggarwal, 2017; Merkel, 2014). Containers are lightweight virtualization 

mechanism where one can install an application with all its dependencies, application codes and run-

time environments and ship it as a container (Aggarwal, 2017; Casalicchio & Perciballi, 2017; 

http://www.neo4j.com/
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Kozhirbayev & Sinnott, 2017). We use Docker an open source project to automate faster deployment 

of containers that extends LXC (Linux Containers) with a kernel-and application level API that together 

run processes in isolation (Bernstein, 2014; Joy, 2015). The containers are created using base images 

(Bernstein, 2014; Turnbull, 2014). The images consist of prebuilt application stack ready for launch 

(Bernstein, 2014; Neo4j, 2017). Running Neo4j and Docker are officially supported by parent vendors 

(Neo4j, 2017). Our docker container consists of separate images for Neo4j and the RESTful API using 

version 17.05.0-ce. 

Aggarwal (2017) explains that Docker alone isn’t enough to handle challenges of scale and multi-cluster 

deployments. We use Kubernetes an open-source system for automating deployment, scaling, and 

management of containerized applications (Needham, 2017). Originally developed by Google the 

design of Kubernetes enables control through choreography, achieving a desired emergent behaviour 

by combining the effects of separate, autonomous entities that collaborate (Burns, Grant, 

Oppenheimer, Brewer, & Wilkes, 2016; Burns, Hightower, & Beda, 2017). This contrasts with 

centralised orchestration system. We use Kubernetes version 1.8.3. 

We adopt a multi-cloud strategy. The following cloud instances configuration apply. Nectar cloud 

infrastructure based on OpenStack middleware (Kozhirbayev & Sinnott, 2017). Each VM host a docker 

container with images. Three instances named eulersbridge-1, eulersbridge-2, and eulersbridge-3. 

Each running Ubuntu 16.04 LTS (Xenial) amd64 (64-bit image); size: m1.medium; availability zone: 

Melbourne-qh2. Amazon Web Services is an on-demand cloud computing platform. Virtual Private 

Cloud (VPC) default with two running. Three instances named HVM Dev Build Server, new-www, and 

HVM Dev Graph DB AZ2. Each running Ubuntu 16.04 LTS (Xenial) amd64 (64-bit image); size: t2.small, 

t2.micro, t2.micro respectively; availability zone: Sydney.  
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9.9 Conclusion 

This chapter introduced the digital product for testing our research model. By doing it ourselves we 

seek to bypass several profound challenges: partnership with powerful companies, constraints 

associated with using existing systems, and data accessibility. Our approach heeds Watts, D. (2017) 

message calling for greater solution-oriented science. Building a digital product that serves as a 

platform for experiments however is a high-risk, high-reward approach (Salganik, 2018). The approach 

involves high costs offset by high control, high realism, and relative ease on ethics (Salganik, 2018). 

Combined these factors enable truly distinctive research. To ensure our platform aligns with the real-

world we consider and account for three key drivers: platforms, design, and technology. 

We now live in the platform age. Platforms are a global phenomenon that enable value-creating 

interactions with open, participative infrastructures. Their varying typologies, size, and geographic 

distribution are transforming economic and social systems. Platforms generate non-linear growth and 

networks effects based on defined design principles and launch strategies. Their success and 

accumulation of power marks the creation of a new digital political economy. The shift from territorial 

to functional sovereignty (Pasquale, 2017) under the rubric of surveillance capitalism and perverse 

democratic externalities sees a growing chorus calling for regulatory intervention of the platform 

economy. How to design social systems, driving meaningful interactions and human values equally 

presents an opportunity to positively harness the digital realm that advances quality of life and sense 

of community. 

Design led innovation is an emerging business driver (Maeda, 2017; Muratovski, 2015). It plays a 

central role in influencing the user experience and outcomes. User experience is a broad umbrella 

encompasses interaction design, user interface design, and usability. Or the look, feel, and use. We 

adopt a co-experience approach which describes experiences with digital products in terms of how the 

meanings of individual experiences emerge and change as they become part of social interaction. In 

designing for interactions and building behaviours we apply the Hooked model. Given our institutional 

context we take account of difference between enterprise and consumer UX design. Our digital 

product is created by following a lean UX approach with prototypes tested in a specialist usability lab. 

Final digital product screenshots are mobile and web interfaces are provided. 

Online platforms are modularisations of complex systems. They are well suited to capturing digital 

traces of social behaviour. The basic building block driving modularity are application programming 

interfaces (APIs). They characterise platform evolution over the last decade and dominant 

architectural model titled the third platform defined by four technology pillars: social, mobile, 
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analytics, and cloud (Gens et al., 2016). This model is forecast to grow and expand in line with demands 

of the digital transformation economy. We incorporate these drivers in building a layered n-tier 

architecture. The technical architecture is anchored on a scalable, native graph database that stores 

real-time data collected from native mobile (iOS and Android) applications and supported by RESTful 

services. We use containerised cloud instances to automate faster deployment in local availability 

zones.  
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