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ABSTRACT 

ESSAYS ON THE DRIVERS OF POLITICAL AND IDEOLOGICAL EXTREMISM 

Meysam Alizadeh, Ph.D. 

George Mason University, 2016 

Dissertation Director: Dr. Claudio Cioffi-Revilla 

 

The problem of interest in this dissertation is the phenomenon of drifting toward 

opinion extremes. The process is called Radicalization and has received a great deal of 

attention in social psychology and sociology from its inception. Although it is extremism 

of behavior that is of greatest interest, it is important to study opinion extremism since it 

has been shown to be a plausible preceding step of violent extremism. One of the 

longstanding quests in counter-radicalization studies is to know what drives extremists to 

adopt extreme ideologies. However, it is unlikely that extremists will volunteer for 

experimental studies. 

Existing research on extremism were conducted on either social science students 

or questionnaires/interviews of random individuals. Also the sample size in all these 

cases varies between few hundreds to few thousands. Therefore, there is a need to use 

more innovative methods to obtain reliable data about extremists at both individual and 

regional levels.  
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In this dissertation, I use agent-based models of opinion dynamics, data from 

online social media, such as Twitter, publicly available datasets, and crowdsourcing to 

study various drivers of the political and ideological extremism including intergroup 

relations, psychological functioning, personality traits, and socio-economic factors. In 

particular, I introduce a novel dataset, based on the data from Twitter, for studying the 

psychological and personality profile of domestic ideological extremists in the US. This 

data provides a promising means of obtaining actionable system-scale insights from 

digital user-generated content. 

The results reveals that intergroup conflict and in-group favoritism increases and 

decreases the number of emergent extremists in the population. I also showed the 

qualitative and quantitative differences between different activation regimes in agent-

based opinion dynamics models. In particular, I found that exposing extremists to more 

social interactions reduces the overall number of extremists in the society. Finally, 

empirical results from analysis of American National Election Study and social media 

data emphasizes the role of socio-economic indicators and psychological states in 

political and ideological extremism respectively. Together, these findings produce a new 

lens to explore various drivers of opinion extremism.
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CHAPTER ONE: INTRODUCTION 

In this chapter, first I discuss the motivation and statement of the problem in 

Section 1.1. Next, I briefly provide the related background for each of the problems of 

interest in Section 1.2. The research questions will be presented in Section 1.3. The 

structure of the dissertation will be discussed in Section 1.4. Finally, in Section 1.5, I list 

publications which have come out of this dissertation. 

1.1. Motivation and Statement of the Problem 
Social psychologists have provided valuable results about the micro-level 

mechanisms that drive the intergroup relations. However, there is a need to use 

computational models in order to bridge between empirical micro-level findings and 

macro-level patterns that may emerge out of them. This dissertation use agent-based 

modeling to investigate the extent to which changes in intergroup relations affect the 

opinions of individuals. In particular, I am interested in exploring the effect of 

“intergroup conflict” and “in-group favoritism” on the diversity, extremism, and 

geographical variations of individuals’ opinions. 

The main focus of my dissertation will be on the opinion extremism as it is an 

important source of social inequality in the society. Studies on opinion extremism 

especially that of political opinion extremism, are of great importance because they shed 

light to identify the directions it may lead. First, opinion extremism may lead to an 
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actively hostile or dominant approach against socially sanctioned scapegoats or 

minorities and devalued out-groups and thus magnifies the social inequality (Jost et al 

2003), which is also the primary focus of social dominance theory (Sidanius & Pratto, 

1999; Whitley, 1999). Second, some extreme ideologies, such as the right-wing 

authoritarianism (RWA) may lead to a more passively submissive posture toward 

authorities, which would make its subscribers ideal candidates to follow the next Hitler or 

Mussolini (Altemeyer 1998; Jost et al 2003). In other words, extreme RWA attitudes 

“lock” people into a “dominance- submissive authoritarian embrace” (Altemeyer, 1998, 

p. 47). 

1.2. Background 

1.2.1. Overview of Intergroup Conflict Theories 
Typically, people are more comfortable with those who are similar with 

themselves or with those who perceived as in-group members. The phenomenon is called 

homophily and is one of the most widely accepted and empirically proven observation in 

the social psychology (Lazarsfeld and Merton 1954; Burt 1991). With homophilous 

behaviors comes ignorance of or differentiation from people of out-groups. This 

discriminatory and biased behavior of people based on the perceived in-group/out-group 

membership may trigger or intensify the intergroup conflict.  

There are several social psychological theories which have tried to explain the 

underlying cognitive mechanisms of differentiation. Cognitive Dissonance theory is an 

attitude formation paradigm proposed by Festinger (1957). Cognitive dissonance occurs 

when there is an inconsistency between two or more beliefs which are hold 
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simultaneously. This dissonance is “psychologically uncomfortable” and therefore 

motivates people to achieve a balanced state which may achieved by differentiating from 

opposing beliefs. Other theories such as the reactance theory (Brehm 1966) and social 

judgment theory (Sherif and Hovland 1961) assert that in some cases people shift their 

attitudes in the opposite direction of whom they are interacting with.  

Differentiation is the underlying mechanism which leads to the emergence of 

pluralism, polarization, and radicalization in the society (Isenberg 1986). The aim of 

differentiation could be to maintain or to achieve superiority over out-groups (Tajfel and 

Turner 1986), to avoid betraying in-groups (Tajfel and Turner 1986), to maintain in-

group solidarity (Bulbulia and Sosis 2011), or to protect in-group sacred values (Atran 

and Ginges 2012). However, the categorization of people into different groups itself does 

not trigger intergroup conflict. There should be some sort of motivation that activates the 

discriminatory behaviors toward out-groups (Fiske 2002). Several social psychological 

theories have attempted to provide a plausible explanation for the forces that cause 

intergroup conflicts. These theories vary from interpersonal to social influence based 

theories. 

Early theories on intergroup conflict tried to explain the emergent intergroup 

conflict as a result of individuals’ prejudice and discrimination. Theories like the theory 

of Authoritarian Personality (Adorno et al 1950) and different versions of the Theory of 

Frustration, Aggression, and Displacement (Berkowitz 1962) are well-known instances of 

this category. The main drawback of this line of theories is the ignorance of social 

influence over individuals’ behavior. 
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From the social influence point of view, the Realistic Group Conflict Theory 

(Sherif 1966) postulates that the real conflict of interest between groups triggers the 

intergroup conflict. Another theory concerning the cognitive basis of intergroup 

differentiation is the well-known Social Identity Theory (Tajfel 1978). Social Identity 

Theory states that group membership creates in-group feelings which may cause to favor 

in-group traits, values, and characteristics as shown in Figure 1.. However, the social 

identity theory (Tajfel 1978) and the subsequent self-categorization theory (Turner et al 

1987) fail to provide a motivational driver for the process of in-group identification and 

intragroup derogation, particularly that of chronic and long-term identification. 

 

 
Figure 1: Social Identity Approach to Intergroup Relations and Group Processes 

 

Social pressures to favor one’s own group through in-group/out-group bias lead 

groups to differentiate themselves from one another (Tajfel 1974, 1975; Turner 1975). 

The amount of differentiation varies by degree, from neglecting out-groups to murderous 

Social 
Identification

Family

Race

Religion

Political Affiliation

Gender

Work Team

etc.

Intergroup 
Understanding

Social Structure & 
Group Status

Perceptions

Motivations

Emotions

Behaviors

Intergroup 
Relations

Ingroup 
Favoritism

Intergroup 
Conflict

Intergroup 
Cooperation

Ignorance



5 

 

hostility toward threateningly perceived out-groups. The presence of explicit conflicts of 

group interests intensifies the positive attachment to in-groups and leads to antagonistic 

inter-group relations (Tajfel and Turner 1986). The more intense the inter-group conflict, 

the more likely that competing groups will act based on their group identification (Tajfel 

and Turner 1986). 

1.2.2. Overview of In-group Favoritism Theories 
Empirical evidence from psychology suggests the prevalence of a strong 

individual predisposition toward bias in favor of in-groups even when cognition is 

minimal. Behaviors favoring in-groups are also found to be widespread even when they 

are individually costly and even in the absence of opportunities for reciprocity or direct 

self-interested gain (Brewer 1991, Kearns et al 2009). Experimental findings based on the 

behavior of the subjects in the dictator game revealed that Democrats and Republicans 

both give more to the in-group recipient than the opposing party (Fowler and Kam 2007). 

Moreover, it has been shown that the strength of group identification intensifies in-group 

favoritism. For example, individuals who have strong identification with their political 

parties tend to give much less to out-groups compared to those with weaker affiliations 

(Fowler and Kam 2007). 

Given the extensive literature on the emergence and evolution of in-group 

favoritism, it is of interest to explore the extent to which it affects the collective behavior 

of opinions. Experimental studies lack measuring in-group bias based on changes in 

opinions as they are widely concerned with measuring: 1) evaluative trait rating of group 

members (Brewer and Silver 1978), 2) ratings of group process or product (Blake and 
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Mouton 1961), and 3) resource distribution decisions (Rand et al 2012, Turner 1975). 

Surveys seem to be an alternative tool for this purpose. However, observational studies of 

opinion dynamics fail to provide causal effects because it is hard to distinguish between 

the peer-to-peer influences and homophily. 

1.2.3. Overview of Extremism Theories  
Previous studies on radicalization can be categorized in three behavioral scales 

(Cioffi 2012): individual, group, and societal. Individual radicalization is the 

phenomenon in which individuals’ opinions drift toward increased support of the one side 

of intergroup conflict. Group radicalization refers to the process that a group of 

individuals with a shared salient identity become extremists. Societal radicalization is a 

macro-level phenomenon at the level of a whole society in which a stark polarization is 

observed. None of these three levels are well understood and the related empirical and 

theoretical results are uneven (Cioffi 2012). 

In this dissertation, the focus is on the individual radicalization as understanding 

the radicalization at individual level is crucial for understanding the radicalization at 

group and societal levels (Wilson 1998). A challenging question in radicalization is that 

why and how people become extremists. Many explanations have been proposed on how 

individuals become radicalized extremists (Isenberg 1986; Turner et al 1987; McCauley 

and Moskalenko 2008; Atran and Ginges 2012; Cioffi 2012).  

McCauley and Moskalenko (2008) identify four cognitive and social pathways 

under which a person might become extremist. Atran and Ginges (2012) introduce the 

phenomenon of scared values that under some circumstances could work as a start-point 
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for radicalization of attitudes, especially when the intergroup conflict exists. Cioffi 

(2012) proposes a process-based model of individual radicalization which can be 

represented as a branching process in forward sequential logic (Cioffi 1998, chs. 5–7). 

The model begins from a so called “normal society” in which no extremists exist, go 

through a decision-tree based events, and ends with four plausible outcomes including 

radicalized, true believer, grieving, and normal states. 

1.2.4. Overview of Agent-Based Opinion Dynamics Models 
Agent-based modeling is the fast growing approach to study the collective 

behavior of large number of people. Many agent-based models have been proposed for 

opinion dynamics using the social psychology theories. Most of the existing ones are 

based on the fact that people get closer together after interaction. The underlying 

interpretation of these models is that of homophily. They assume that there exist some 

“attractive forces” between individuals when they hold similar beliefs. Two widely used 

models of this category are Bounded Confidence (BC) model (Deffuant et al 2000; 

Hegselmann and Krause 2002) and Relative Agreement (RA) model (Deffuant et al 

2002). 

There are two well-known opinion dynamics under bounded confidence models 

that have been independently proposed by Deffuant, Weisbuch and others (DW) and 

Hegselmann and Krause (HK) in 2000. The two models are very much alike, but differ 

mainly in their communication regimes and slightly in updating mechanisms. While DW 

model considers random pairwise encounters at each time step in which agents may 

compromise or not, the HK model allows agents to communicate with all other agents 
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and adopt the average opinion of those who fall in their area of confidence. For a survey 

of continuous opinion dynamics under bounded confidence models see Lorenz (2007). 

Similar to Huet et al (2008), I follow the DW version of the BC model in this 

dissertation.  

In the DW model, agents have continuous belief, ranging from 0 to 1. The agents 

interact in randomly dyadic encounters and they are allowed to adjust their belief if their 

difference in belief is less than a pre-defined threshold called “uncertainty”. As the 

uncertainty increases, the agents converge to an average belief, but the number of opinion 

clusters reduces. The DW model fails to create extremists agents because it only 

considers the attractive forces between individuals. While in the DW model the 

uncertainty thresholds are assumed to be equal for all agents, in the RA model, the 

authors let the uncertainty change as a function of time. As a result, after each random 

pair interaction, both agents’ belief and uncertainty are updated and therefore the 

influence is no longer symmetric. However, similar to DW model, the RA model fails to 

capture the differentiation mechanism in dyadic interaction. 

In an effort to include the rejection mechanism in the DW model, Huet et al 

(2008) proposed a 2-dimensional BC model which allows the agents to reject other’s 

belief when they are in a dissonance situation. That is, when two agents are close in one 

attitude and far enough in another, they are in a dissonance state and therefore they want 

to resolve it by shifting away from each other in that close attitude. By incorporating this 

repulsive force into the BC model, some linear clusters form in attitude borders 

representing the emergence of extremism in the population. In another work, Huet and 
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Deffuant (2010) introduce a new version of the BC model which is based on the Wood et 

al (1996) empirical results. While the model is still 2-dimensional, one attitude is 

considered as a main or important one and the other as a secondary. If two agents are 

close in primary attitude (difference is less than attraction threshold), they get closer in 

both attitudes. However, if they are far enough in primary attitude (difference is greater 

than rejection threshold), then they are in dissonance state and try to solve it by shifting 

away in secondary attitude. The results showed that high rejection threshold leads to the 

formation of clusters having extreme opinions for the secondary belief. 

1.2.4.1. Modeling Extremism 
Several researchers have tried to model the emergence and propagation of 

individual extremists in the population using agent-based opinion dynamics models. They 

attempt to study radicalization by adding some extremist agents in the population with 

extreme belief but much lower uncertainty threshold (Deffuant et al 2002), asymmetric 

confidence and biased confidence (Hegselmann and Krause 2002), weighting the 

influence of agents through a Gaussian function with uncertainty as standard deviation 

(Deffuant et al 2004), examining the effect of network topology (Amblard and Deffuant 

2004), assigning separate uncertainty thresholds for attraction and rejection (Jager and 

Amblard 2005), incorporating findings from Self-Categorization theory (Salzarulo 2006), 

comparing different continuous opinion dynamics models including the BC model, the 

Gaussian BC model, the RA model, and the Gaussian BC model with interlocutor 

uncertainty (Deffuant 2006), examining the striving for uniqueness among agents (Mäs, 

Flache, and Helbing, 2010), and introducing open- and close-minded agents in the 

population (Lorenz 2010).  
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While most of the researchers opt to use a deterministic definition of extremists 

(i.e. a certain threshold which below or beyond that an individual identified as 

extremists), similar to Cioffi (1981) and Salzarulo (2006), we may use a fuzzy-set based 

definition of extremism in which individuals’ membership in extremists group is defined 

through a fuzzy membership function.   

1.2.4.2. Modeling Intergroup Conflict 
To the best of my knowledge, no computational model has studied the effect of 

intergroup conflict on the dynamics of the opinions. 

1.2.4.3. Modeling In-group Favoritism 
While computational approach has been used to explore the emergence (Gray et al 

2014) and evolution (Fu et al 2012) of in-group favoritism, no formal model has been 

developed to show how the in-group cooperation functions in opinion dynamics. In a 

computational model, Salzarulo (2006) modeled the in-group/out-group concept through 

a fuzzy membership function of agents’ opinion. In Salzarulo’s model, called meta-

contrast (MC), the agents know the opinion of other agents and try to close themselves to 

the prototypical opinion of their own group and at the same time differentiating from out-

groups’ prototypical opinions. The results show that if the in-group identification is 

sufficient, agents tend to adopt the prototypical opinion of their own group. However, nor 

the model neither the goal of the study was concerned with in-group favoritism.  

In another work, Flache and Mäs (2008) proposed a computational model to 

explore the effect of demographic faultlines on the performance of teams. The model 

assumes that demographic attributes of agents are fixed and only the opinion attributes 

are subject to change over time. Agents decide to attract to or reject from others based on 
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the distances they have in demographic and opinion attributes. Their results show that 

strong demographic faultlines within teams lead to opinion polarization in which opinion 

subgroups form based on demographic similarity. Later, Grow and Flache (2011) 

extended the model to include opinion uncertainty and found a moderation effect. 

Although the agents’ interaction and opinion changes occur based on their demographic 

attributes, there is no explicit mechanism regarding in-group cooperation in both models 

and they operate mainly based on homophily and rejection mechanisms. 

1.3. Research Questions and Related Background 

1.3.1. Research Question 1 
How does the level of opinion extremism and opinion variety change with individuals’ 

perceived intergroup conflict escalation? 

Social psychologists studying intergroup conflict show that individuals’ out-group 

attitudes can be predicted by the extent to which they are identified with in-group values. 

Deschamps and Brown (1983) found that when subjects are primed to categorization, the 

comparability of groups’ roles increases the intergroup differentiation. In an attempt to 

empirically examine the utility of different social psychological approaches on intergroup 

relations, Brown et al (1986) conducted an experiment among shop floor workers in a 

factory. They found that perceived intergroup conflict has strong positive correlation with 

differentiation. They also found that the amount of contact is negatively and the strength 

of group identification is positively correlated with differentiation, but these correlations 

are weak. To examine the relationship between strength of identification with a political 

party and the amount of differentiation from other political out-groups, Kelly (1988) 
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showed that “in-group identification and perceived material conflict were consistent 

predictors of intergroup differentiation along evaluative and affective dimensions but not 

along the dimension of perceived intragroup homogeneity”. Moreover, empirical findings 

show that when differentiation need is activated in individuals, they generate more 

negatively evaluated categories compared to when the inclusion need is activated 

(Leonardelli et al 2010). 

Despite the rich literature on intergroup conflict and intergroup differentiation, 

there is a need to build computational models to explore the emergent high-level patterns 

of individuals’ opinion formation in presence of intergroup conflict. A plausible direct 

consequence of the presence of intergroup conflict is the emergence of individuals with 

radical beliefs. The process is called Radicalization and has received attention within 

social psychology from its inception. One important research question in studying 

extremism is to investigate why and how individuals with radical beliefs come to believe 

what they believe. Are they holding radical beliefs because they have interacted with 

other extremists or they could become radical just by interacting with moderate people? 

What are different plausible pathways or mechanisms for becoming an extremist? 

Given that the amount of differentiation does increase in certain situations 

(Deschamps and Brown 1983), and that perceived intergroup conflict has strong positive 

correlation with differentiation (Brown et al 1986), the aim of this section is to analyze 

the effect of perceived intergroup conflict escalation on the average number of emergent 

extremists in the society. I develop an agent-based model that links the micro-level 
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findings of intergroup conflict and intergroup differentiation literature to the macro-level 

behavior of the population. 

1.3.2. Research Question 2 
How does the level of extremism and opinion variety change in the presence of in-group 

favoritism? 

Experimental studies on in-group favoritism support the existence and 

propagation of cooperative behavior among individuals. It has been shown that across a 

variety of situations, individuals are biased toward the member of their own group rather 

than out-group ones (Fowler and Kam 2007, Fu et al 2012). From real-world identities 

such as religion (Bulbolia and Sosis 2011), ethnicity (Whitt and Wilson 2007), political 

affiliation (Rand et al 2009), and sport teams (Hutchins and Johnson 2009) to laboratory 

produced groupings (Kearns et al 2009, Rand et al 2013), people have shown significant 

in-group discriminatory behaviors. While computational approach has been used to 

explore the emergence (Gray et al 2014) and evolution (Fu et al 2012) of in-group 

favoritism, no formal model has been developed to show how the in-group cooperation 

functions in opinion dynamics.  

Here, I am interested to explore the effect of in-group favoritism on the collective 

behavior of opinion dynamics. Here by collective behavior I mean that of Turner and 

Killian (1957), that is “the behavior of aggregates whose interaction is affected by some 

sense that they constitute a group but who do not have procedures for selecting or 

identifying leaders or members.” While the purpose of Salzarulo’s model (2006) is to 

predict the formation of groups based on agents’ opinion, I am interested in the case that 
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group membership exists a priori in the population, such as race or ethnicity, but the 

opinions of the individuals are initially independent of their group membership. Indeed, if 

the group membership and opinions are initially correlated, such as in MC model, and 

individuals show favoritism toward the member of their own group, then a group-based 

polarization of opinions is inevitable (Salzarulo 2006, Turner et al 1987). 

1.3.3. Research Question 3  
Is there any unique psychological and personality profile associated with ideological 

extremists at the individual and state levels?  

Although it is extremism of behavior that is of great interest, opinion extremism 

has been shown to be a plausible preceding step of violent extremism (McCauley & 

Moskalenko 2008; 2014). For example, it has been found that most of the right-wing 

extremist individuals were involved in non-violent groups before committing violent 

activities (Simi 2009). Also opinion extremism may lead to hostile attitude toward the 

minorities and devalued outgroups (Jost et al 2003a). Moreover, research demonstrated 

that some ideological extremism, such as right-wing authoritarianism may “lock” people 

into “dominance-submissive authoritarian embrace” (Altemeyer 1998, Jost et al 2003a). 

It is widely accepted that the psychology, personality, culture, and socio-

economic indicators are “contributing factors” (Kruglanski & Fishman, 2006) that make 

individuals more likely to hold extreme ideologies or engage in violent activities 

(Kruglanski et al 2014). Although the relationship between political ideology and 

individuals’ psychological and personality characteristics has long been studied (Jost, 

Glaser, Kruglanski, & Sulloway, 2003a, 2003b; Hatemi and Verhulst 2015; Gerber et al 
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2011), most of them have only focused on the center of political spectrum and fail to 

study those at the extreme ends. Extremists can be non-violent or violent, and terrorism is 

one type of violent extremism. In case of terrorism, there has been a lot of attempt to 

identify unique psychological and personality profile of terrorists, which almost all of 

them failed to find such a profile (see Victoroff 2005 for a review). However, very few 

studies have studied the non-violent ideological extremists. 

On the psychological side, the effect of uncertainty avoidance and threat 

management (Jost et al 2007), need for cognitive closure (Kruglanski 2013), 

psychological distress associated with exposure to terrorism (Canetti-Nisim et al 2009), 

quest for personal significance (Kruglanski et al 2014), and socio-economic fear and 

negative emotions (van Prooijen et al 2015) have been explored. From the personality 

point of view, researchers have examined the relationship of ideological extremism and 

openness to experience (van Hiel et al 2000). There are several limitations in the above 

studies: 1) most of these studies have not been conducted on real extremist individuals. 

Rather, they have used social science students or self-reported surveys; 2) the sample size 

is usually not representative of a country (often few hundreds to few thousands); 3) do 

not undertake a comprehensive analysis of both personality and psychological traits on 

same sample; 4) they fail to control for the non-extremist interested groups. 

He, I address these limitations by conducting an extensive psychological and 

personality analysis of a very large dataset of ideological extremists in the US, while 

adjusting for the non-extremist interested individuals. 
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1.3.4. Research Question 4  
How does the results of an agent-based opinion dynamics model change with different 

activation regimes? 

Studies on cellular automata and agent-based models have shown that different 

activation regimes produce different results in some models (Axtell 2001; Radax and 

Rengs 2010; Fates and Chevrier 2010). In general, some of the reported steady-states are 

artifact of the synchronization of agents’ activation. In addition to computational studies 

on the effect of activation orders, empirical evidences have also supported the large 

heterogeneity in the timing of individual activities (Barabási 2005; Oliveira and Barabási 

2005; Malmgren et al 2009; Karsai et al 2011; Fernández-Gracia et al 2011).  

Given the potential influence of the activation regime on the qualitative and 

quantitative properties of the agent-based models, it is surprising that most of the 

proposed computational opinion dynamics models are based on random or uniform 

updating. In fact, the impact of applying different activation regimes has received little 

attention in the opinion dynamics literature. I am aware only of Urbig et al’s (2008) work 

on the effect of the number of the agents that interact at each time step. This is a crucial 

gap in the study of opinion dynamics models because we know that opinion dynamics 

models usually have large number of simple agents and as Axtell (2001) argues in such 

models the model specifications (i.e. updating rules, interaction structure, and activation 

regime) has greater effect on the behavior of the model compared with the model consists 

of few sophisticated agents.  
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1.4. Structure of the Dissertation 
 

This is a manuscript-based PhD dissertation. Each one of the chapters, excluding 

the introduction and the conclusion chapters, either have already been published in a 

journal, or are under review. In Chapter 2 and 3, I have developed an agent-based model 

of opinion dynamics to examine the role of intergroup conflict and in-group favoritism on 

the collective behavior of individuals’ opinions.  While the agents in Chapter 2 show 

discriminatory behavior against outgroup members, in Chapter 3, it is assumed that in-

group favoritism exists spontaneously within agents and there is no explicit intergroup 

conflict. Chapter 4 investigates the effect of the activations regime and updating scheme 

on the output of the agent-based opinion dynamics models. Therefore, whereas in 

Chapters 2 and 3, I have only considered the “random” activation regime, in Chapter 4, I 

go further to investigate the effect of uniform and Poisson activation regimes on the 

qualitative and quantitative measures of the opinion dynamics models. 

The first three chapters identifies intergroup relations and activation regime as 

mechanisms that affect radicalization. In the next two remaining chapters, I use publicly 

available data and data from social media to characterize the correlates of political and 

ideological extremism. While the level of analysis in Chapter 5 is at state level, in 

Chapter 6, I introduce a novel data that allow us to explore the psychology and 

personality of ideological extremists in the United States at the individual level. Chapter 

7 concludes the dissertation. Table 1 summarizes the main findings of each chapters and 

elaborates how chapters are related to each other. Although the other publication is 

related to extremism, since it is tangential, I leave it for the Appendix section. 
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Table 1: Summarizing How Different Chapters Relate to Each Other 

 Alizadeh et al 

(2014) 

Alizadeh et al 

(2015) 

Alizadeh & 

Cioffi (2015) 

Alizadeh et al (ANES) Alizadeh et al (Twitter) 

Alizadeh et al 

(2014) 

Intergroup 

conflict 

increases 

extremism 

Differentiates 

between in-

group 

favoritism and 

intergroup 

conflict. 

Demonstrates 

the role of 

activation 

regimes on the 

output of the 

opinion 

dynamics 

models.  

While Alizadeh et al (2014) 

examines the role of intergroup 

conflict on the extremism at the 

individual level using ABM, 

Alizadeh et al (ANES) uses 

empirical data to investigate the 

socio-economic and personality 

correlates of political extremism at 

the state level. 

While Alizadeh et al (2014) examines 

the role of intergroup conflict on the 

extremism at the individual level using 

ABM, Alizadeh et al (Twitter) uses 

data from social media to test whether 

ideological extremists are 

psychologically different from non-

extremists. 

Alizadeh et al 

(2015) 

 In-group 

favoritism 

decrease 

extremism 

Demonstrates 

the role of 

activation 

regimes on the 

output of the 

opinion 

dynamics 

models. 

While Alizadeh et al (2015) 

examines the role of in-group 

favoritism on the extremism at the 

individual level using ABM, 

Alizadeh et al (ANES) uses 

empirical data to investigate the 

socio-economic and personality 

correlates of political extremism at 

the state level. 

While Alizadeh et al (2015) examines 

the role of in-group favoritism on the 

extremism at the individual level using 

ABM, Alizadeh et al (Twitter) uses 

data from social media to test whether 

ideological extremists are 

psychologically different from non-

extremists. 

Alizadeh & 

Cioffi (2015) 

  Activation 

regimes affect 

extremism. 

- - 

Alizadeh et al 

(ANES) 

   Socio-economic factors explain 

more of the variation in extremism 

than personality traits. 

While Alizadeh et al (ANES) explores 

the socio-economic and personality 

correlates of political extremism at the 

state level, Alizadeh et al (Twitter) 

quests for unique psychological profile 

of ideological extremists. The scope of 

both studies are U.S. 

Alizadeh et al 

(Twitter) 

    Extremists are psychologically 

different than general population but 

not personality wise. 
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CHAPTER TWO: INTERGROUP CONFLICT ESCALATION LEADS TO MORE 

EXTREMISM1 

Empirical findings in the intergroup conflict literature show that individuals’ 

beliefs that mark differentiation from out-groups become radicalized as intergroup 

tensions escalate. They also show that this differentiation is proportional to tension 

escalation. In this chapter, we are interested to develop an agent-based model which 

captures these findings in order to explore the effect of perceived intergroup conflict 

escalation on the average number of emergent extremists and opinion clusters in the 

population. The proposed model builds on the 2-dimensional bounded confidence model 

proposed by Huet et al (2008). The results show that the average number of extremists 

has a negative correlation with intolerance threshold and positive correlation with the 

amount of opinion movement when two agents are to reject each other’s belief. In other 

words, the more tensions exist between groups, the more individuals getting extremists. 

We also found that intergroup conflict escalation leads to lower opinion diversity in the 

population compared with normal situations.   

2.1. Introduction 
Typically people are more comfortable with those who are similar with 

themselves or with those who perceived as in-group members. The phenomenon is called 

                                                 
1 Alizadeh, M., Coman, A., Lewis, M., & Cioffi-Revilla, C. (2014) Intergroup Conflict Escalation 

Leads to more Extremism. Journal of Artificial Societies and Social Simulation, 17 (4), 4. 

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=FyKst9AAAAAJ&sortby=pubdate&citation_for_view=FyKst9AAAAAJ:NJ774b8OgUMC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=FyKst9AAAAAJ&sortby=pubdate&citation_for_view=FyKst9AAAAAJ:NJ774b8OgUMC
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homophily and is one of the most widely accepted and empirically proven observation in 

the social psychology (Lazarsfeld and Merton 1954; Burt 1991). With homophilous 

behaviors comes ignorance of or differentiation from people of out-groups. This 

discriminatory and biased behavior of people based on the perceived in-group/out-group 

membership may trigger or intensify the intergroup conflict.  

There are several social psychological theories which have tried to explain the 

underlying cognitive mechanisms of differentiation. Cognitive Dissonance theory is an 

attitude formation paradigm proposed by Festinger (1957). Cognitive dissonance occurs 

when there is an inconsistency between two or more beliefs which are hold 

simultaneously. This dissonance is “psychologically uncomfortable” and therefore 

motivate people to achieve a balanced state which may achieved by differentiating from 

opposing beliefs. Other theories such as the reactance theory (Brehm 1966) and social 

judgment theory (Sherif and Hovland 1961) assert that in some cases people shift their 

attitudes in the opposite direction of whom they are interacting with.  

Differentiation is the underlying mechanism which leads to the emergence of 

pluralism, polarization, and radicalization in the society (Isenberg 1986). The aim of 

differentiation could be to maintain or to achieve superiority over out-groups (Tajfel and 

Turner 1986), to avoid betraying in-groups (Tajfel and Turner 1986), to maintain in-

group solidarity (Bulbulia and Sosis 2011), or to protect in-group sacred values (Atran 

and Ginges 2012). However, categorization of people into different groups itself does not 

trigger intergroup conflict. There should be some sort of motivation that activates the 

discriminatory behaviors toward out-groups (Fiske 2002). Several social psychological 
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theories have attempted to provide a plausible explanation for the forces that cause 

intergroup conflicts. These theories vary from interpersonal to social influence based 

theories. 

Early theories on intergroup conflict tried to explain the emergent intergroup 

conflict as a result of individuals’ prejudice and discrimination. Theories like the theory 

of Authoritarian Personality (Adorno et al 1950) and different versions of the Theory of 

Frustration, Aggression, and Displacement (Berkowitz 1962) are well-known instances of 

this category. The main drawback of this line of theories is the ignorance of social 

influence over individuals’ behavior. 

From the social influence point of view, the Realistic Group Conflict Theory 

(Sherif 1966) postulates that the real conflict of interest between groups triggers the 

intergroup conflict. Another theory concerning the cognitive basis of intergroup 

differentiation is the well-known Social Identity Theory (Tajfel 1978). Social Identity 

Theory states that group membership creates in-group feelings which may cause to favor 

in-group traits, values, and characteristics. However, the social identity theory (Tajfel 

1978) and the subsequent self-categorization theory (Turner et al 1987) fail to provide a 

motivational driver for the process of in-group identification and intragroup derogation, 

particularly that of chronic and long-term identification. 

Social pressures to favor one’s own group through in-group/out-group bias lead 

groups to differentiate themselves from one another (Tajfel 1974, 1975; Turner 1975). 

The amount of differentiation varies by degree, from neglecting out-groups to murderous 

hostility toward threateningly perceived out-groups. The presence of explicit conflicts of 
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group interests intensifies the positive attachment to in-groups and leads to antagonistic 

inter-group relations (Tajfel and Turner 1986). The more intense the inter-group conflict, 

the more likely that competing groups will act based on their group identification (Tajfel 

and Turner 1986). 

Social psychologists studying intergroup conflict show that individuals’ out-group 

attitudes can be predicted by the extent to which they are identified with in-group values. 

Deschamps and Brown (1983) found that when subjects are primed to categorization, the 

comparability of groups’ roles increases the intergroup differentiation. In an attempt to 

empirically examine the utility of different social psychological approaches on intergroup 

relations, Brown et al (1986) conducted an experiment among shop floor workers in a 

factory. They found that perceived intergroup conflict has strong positive correlation with 

differentiation. They also found that the amount of contact is negatively and the strength 

of group identification is positively correlated with differentiation, but these correlations 

are weak. To examine the relationship between strength of identification with a political 

party and the amount of differentiation from other political out-groups, Kelly (1988) 

showed that “in-group identification and perceived material conflict were consistent 

predictors of intergroup differentiation along evaluative and affective dimensions but not 

along the dimension of perceived intragroup homogeneity”. Moreover, empirical findings 

show that when differentiation need is activated in individuals, they generate more 

negatively evaluated categories compared to when the inclusion need is activated 

(Leonardelli et al 2010). 
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Despite the rich literature on intergroup conflict and intergroup differentiation, 

there is a need to build computational models to explore the emergent high-level patterns 

of individuals’ opinion formation in presence of intergroup conflict. A plausible direct 

consequence of the presence of intergroup conflict is the emergence of individuals with 

radical beliefs. The process is called Radicalization and has received attention within 

social psychology from its inception. One important research question in studying 

extremism is to investigate why and how individuals with radical beliefs come to believe 

what they believe. Are they holding radical beliefs because they have interacted with 

other extremists or they could become radical just by interacting with moderate people? 

What are different plausible pathways or mechanisms for becoming an extremist? 

So far, we discussed that the amount of differentiation does increase in certain 

situations (Deschamps and Brown 1983), and that perceived intergroup conflict has 

strong positive correlation with differentiation (Brown et al 1986). The aim of this 

chapter is to analyze the effect of perceived intergroup conflict escalation on the average 

number of emergent extremists in the society. We develop an agent-based model that 

links the micro-level findings of intergroup conflict and intergroup differentiation 

literature to the macro-level behavior of the population. The proposed model is an 

extension of the 2-dimensional Bounded Confidence model with rejection mechanism 

(2D BCR) proposed by Huet et al (2008). We randomly assign the agents to m groups 

and by assuming that the intergroup conflict exists a priori in the population, and that 

agents differentiate more if they perceive more intergroup conflict (Brown et al 1986), we 

let agents to move farther from out-groups’ opinion compared to in-group fellows. In 
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section 2.2, we present our extended model that captures intergroup conflict escalation 

and differentiation. Then we discuss the simulation results for various parameters in 

section 2.3. Finally, we conclude the chapter in section 2.4. 

2.2. Intergroup Differentiation Escalation Model  
In this section we present our agent-based model which is an extension of the 2-

dimensional BC model with rejection mechanism proposed by Huet et al (2008). Our 

modifications derived from the well-grounded social psychological findings (Deschamps 

and Brown 1983; Brown et al 1986; Kelly 1988; Leonardelli et al 2010). For clarification 

purposes, first we describe the Huet et al’s (2008) model and then describe our 

modifications. Let’s consider a set of N individuals each having the following 

characteristics: 

1) Opinion: a 2-dimensional vector containing x1 and x2 representing real numbers 

ranging from -1 to +1, reflecting the belief of node over two different issues. The 

continuous opinion can be interpreted as the extent to which agents are in favor of or 

against to a given issue. 

2) Uncertainty: a 2-dimensional vector containing u1 and u2 representing by real 

numbers between 0 and 1 reflecting uncertainties related to x1 and x2 respectively. 

At each simulation time step, instead of allowing each agent to interact with all of 

its neighbors, a pair of individuals is randomly selected to interact and update their belief. 

Here they condition the updating process based on the values of beliefs and uncertainties. 

Suppose agent i has beliefs x1i and x2i with uncertainties u1i and u2i, and agent j has beliefs 

x1j and x2j with uncertainties u1j and u2j. For sake of simplicity, they assume that all nodes 
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have same uncertainties U. Then, agent i compares its beliefs with j’s and updates its 

beliefs. The general rule is that agents approach each other if they are close enough in both 

beliefs. Otherwise, they may ignore each other or reject and shift away. More formally, if: 

|𝑥1𝑖
𝑡 − 𝑥1𝑗

𝑡 | ≤ 𝑈    𝑎𝑛𝑑   |𝑥2𝑖
𝑡 − 𝑥2𝑗

𝑡 | ≤ 𝑈  

Then the two agents’ beliefs fall in their bounded confidence interval. Thus, they 

get closer to each other based on the following equations: 

Equation 1 

𝑥1𝑖
𝑡+1 =  𝑥1𝑖

𝑡 + 𝜇 (𝑥1𝑗
𝑡 − 𝑥1𝑖

𝑡 ) 

Equation 2 

𝑥2𝑖
𝑡+1 =  𝑥2𝑖

𝑡 + 𝜇 (𝑥2𝑗
𝑡 − 𝑥2𝑖

𝑡 ) 

In these equations, µ is a constriction factor used to limit the convergence 

velocity. The assumption is that µ is constant and equal for all agents throughout the 

simulation. Another possible state is the case that two agents are close in one belief but 

far in another one: 

|𝑥1𝑖
𝑡 − 𝑥1𝑗

𝑡 | > 𝑈    𝑎𝑛𝑑   |𝑥2𝑖
𝑡 − 𝑥2𝑗

𝑡 | ≤ 𝑈  

Here, depending on whether the difference is less than a certain threshold or not, 

two cases arise. To represent that threshold, they consider the “intolerance threshold” δ. 

Therefore, if the difference is below the predefined threshold, meaning: 

|𝑥1𝑖
𝑡 − 𝑥1𝑗

𝑡 | ≤ (1 + 𝛿)𝑈 

The dissonance is not strong enough to trigger the rejection. Therefore, the two agents 

ignore each other in belief 1 and approach each other in belief 2. 

Equation 3 

 𝑥1𝑖
𝑡+1 =  𝑥1𝑖

𝑡  



28 

 

Equation 4 

𝑥2𝑖
𝑡+1 =  𝑥2𝑖

𝑡 + 𝜇 (𝑥2𝑗
𝑡 − 𝑥2𝑖

𝑡 ) 

However, if the difference is significant enough, meaning: 

|𝑥1𝑖
𝑡 − 𝑥1𝑗

𝑡 | > (1 + 𝛿)𝑈 

then the conflict is enough to make agents feel dissonance and thus trigger repulsive 

action. So the two agents shift away from each other in belief 2 and ignore belief 1. The 

movement should be large enough to resolve the dissonance. 

Equation 5 

𝑥2𝑖
𝑡+1 =  𝑥2𝑖

𝑡 −  𝜇 𝑝𝑠𝑖𝑔𝑛 (𝑥2𝑗
𝑡 − 𝑥2𝑖

𝑡 ) (𝑈 −  |𝑥2𝑖
𝑡 − 𝑥2𝑗

𝑡 |) 

Equation 6 

𝑥1𝑖
𝑡+1 =  𝑥1𝑖

𝑡  

Here psign(.) is similar to sign function, except that it returns +1 if the argument is 0. 

Moreover, the belief values are limited between -1 and +1 by incorporating the following 

rule: 

𝑖𝑓 |𝑥2𝑖
𝑡+1|  > 1 𝑡ℎ𝑒𝑛 𝑥2𝑖

𝑡+1 = 𝑠𝑖𝑔𝑛 (𝑥2𝑖
𝑡+1) 

Since the model has been built on the cognitive dissonance theory, it assumes that 

for cases in which two agents are far in both beliefs, there is no dissonance between them 

and therefore there is no influence from one to another and they simply ignore each other 

on both beliefs.  

For our modeling purposes, we modify the 2D BCR model in three ways. First, to 

make the model more realistic by letting agents to interact in a social network structure in 

which each agent has limited number of neighbors. While in 2D BCR model agents are 

allowed to interact with any random agent in the population, we limit this communication 
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to only their immediate neighbors. Second, to capture the group identification 

mechanism, we randomly assign all agents to m different groups. Third, we modify the 

belief updating rule to incorporate empirical findings from social psychology literature. 

In general, the findings state that escalation of the perceived intergroup tensions leads 

individuals to differentiate more from out-groups (Deschamps and Brown 1983; Brown 

et al 1986). In our proposed model, we assume that a tension between groups exist a 

priori in the population. Moreover, since the findings just held true for “differentiating 

beliefs”, we assume that x1 and x2 are differentiating beliefs. An example of 

differentiating beliefs can be “moral beliefs”, including religious beliefs. The 

differentiation escalation mechanism occurs when the two encountering agents are from 

different groups. We capture the increase in opinion movement by entering an intergroup 

differentiation escalation coefficient β (β > 1) in equation 2-5: 

Equation 7 

𝑥2𝑖
𝑡+1 =  𝑥2𝑖

𝑡 −  𝛽 𝜇 𝑝𝑠𝑖𝑔𝑛 (𝑥2𝑗
𝑡 − 𝑥2𝑖

𝑡 ) (𝑈 −  |𝑥2𝑖
𝑡 − 𝑥2𝑗

𝑡 |) 

The second term in the right hand side of the equation 5 determines the amount that 

agents shift away from each other in dissonance situation. By multiplying the coefficient 

β (β > 1) in this quantity, we increase the movement and let the agents to shift farther 

away in their beliefs compared to the 2D BCR model. As the tension escalates between 

groups of people, we can increase the coefficient β to make agents move farther away. If 

there is no tension between groups, β is set to 1. Based on these modifications, we expect 

to see more extremists in the population, as we increase the intergroup differentiation 
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escalation coefficient β. In other words, the number of emergent extremists is a function 

of β and 𝛿: 

Equation 8 

     𝑁𝑡(𝑒) = 𝑓(𝐼𝑡, 𝛽, 𝛿) 

where the 𝑁𝑡(𝑒) represents the number of extremists at time step t, 𝐼𝑡 is the interaction 

situation at time step t (attraction or rejection), 𝛽 is the intergroup differentiation 

escalation coefficient (β > 1), and 𝛿 is intolerance threshold. Table 1 compares the key 

features of the proposed model with some existing agent-based opinion dynamics models 

in the literature. 

 

Table 2: Lite Docking the Agent-based Opinion Dynamics Models 

Variables BC (Deffuant 

et al 2000)  

RA 

(Deffuant et 

al 2002) 

Salzarulo 

(2006) 

Huet et al 

(2008) 

Differentiation 

Escalation 

Supporting Theory Cognitive 

Dissonance 

Cognitive 

Dissonance 

Self-

Categorization 

Cognitive 

Dissonance 

Brown et al 

(1986) 

Dimension 1 1 n 2 2 

Uncertainty Constant Dynamic N.A. Constant Constant 

Communication 

Regime 

Dyadic Dyadic Group Dyadic Dyadic 

Rejection Mechanism × ×    

Differentiation 

Escalation Mechanism 

× × × ×  

Initial Groupings × ×  ×  
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2.3. Analysis of the Results 
In this section, we present and analyze our agent-based simulation results. First 

we show the general behavior of the model and compare it to the original Huet et al 

(2008) model. Then, by designing a virtual experiment, we conduct a series of 

experiments to examine the effect of key factors on the number of emergent extremists in 

the population. 

2.3.1. General Comparison with the 2D BCR Model 
We consider a population of 1000 agents each having two beliefs. The initial 

beliefs are randomly assigned to the agents using the uniform distribution between -1 and 

1. The uncertainties u1 and u2 are assumed to have equal values and held constant 

throughout the simulation. The assumption is that x1 and x2 are differentiating beliefs and 

agents are in conflict escalation situation (i.e. 𝛽 > 1). Since our main focus in this chapter 

is to test the effect of intergroup differentiation escalation, we leave out the network 

structure in this section and set the communication regime same to the 2D BCR model.  

Figure 1 compares the evolution of opinions between the Huet et al (2008) model 

and the modified model. In each of the figures, the two axes represent the beliefs which 

are bounded between -1 and 1 and each dot on the figure represents an agent’s opinion. 

Our assumption in the proposed model is that both beliefs are differentiating and there is 

a tension between groups of people. All other parameters are the same. Therefore, we can 

interpret the results as the changes in populations’ belief when the beliefs become 

differentiating and tensions arise between groups. 
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Similar to the 2D BCR model, after some point, several stable equilibrium points 

emerge and opinion clusters form around those points. Two interaction social forces 

cause the creation of the clusters. On one hand, those agents which are close in both 

beliefs tend to get closer and form groups of like-minded agents. On the other hand, those 

who hold similar belief in one dimension and far enough in another one are separated and 

pushed away from each other.  

An interesting difference between the results is that the number of emergent 

opinion clusters is less in the differentiation escalation model than in the 2D BCR model. 

In order to compute the number of the clusters, we use the algorithm used by Deffuant 

(2006) and Huet et al (2008). That is, we define a minimum distance ε between the 

agents’ beliefs under which they assign to same cluster. In practice we set the minimum 

distance at ε = 0.15 and neglected the clusters of size lower than %1 of the population 

size. We run the model for 25 times and report the average number of clusters. 

The results reveal that while the 2D BCR model produces 19 opinion clusters 

with at least 10 members, the differentiation escalation model leads to 16 opinion 

clusters. The reason can be explained by the role of 𝛽 which increases fluctuations of 

individuals within the clusters. This increase in fluctuations enhances the instability of 

the clusters which in turn increases the likelihood of merging between clusters, or in rare 

cases, the explosion of clusters. This mechanism eventually leads to the formation of less 

number of opinion clusters in the final configuration of individuals.  
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 Differentiation Escalation Model 2D BCR Model 

T=100,000 

  

T = 200,000 

  

T = 300,000 

  
Figure 2: Comparison of the differentiation escalation model and the 2D BCR model 

(U=0.2, m=3, 𝝁=0.3, 𝜹=1, 𝜷=1.5). Both axes represent individuals’ opinion. 

 

2.3.2. Virtual Experiments 
In this section, we design a virtual experiment to test the effect of key variables of 

the proposed model on the average number of emergent extremists in the population. 

Here we define an agent as extremist if the absolute value of at least one of its beliefs is 

equal or greater than 0.9. Previous works have examined the effect of intolerance 

threshold (Deffuant 2006; Huet et al 2008), the initial uncertainty of the moderates 
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(Deffuant 2006), the initial proportion of extremists (Deffuant 2006), level of uncertainty 

(Huet et al 2008), and network topology (Amblard and Deffuant, 2004; Weisbuch 2004) 

on the dynamics and number of emergent extremist. Therefore, to avoid the analysis 

being too complicated and lengthy, here we control the convergence parameter, level of 

uncertainty, and number of agents and just vary the new introduced parameters along 

with the influential intolerance threshold variable. We assign three levels of value for the 

intergroup differentiation escalation coefficient 𝛽, intolerance threshold 𝛿, and number of 

initial groupings m. We also examine the effect of the presence of random social network 

by adding an indicator variable. We use an Erdös-Rényi random network with 

connectivity probability of p = 0.05. We run each combination 25 times. Table 2 

illustrates our virtual experiment configuration.  

The ANOVA table contains the sources of variation, degrees of freedom, sum of 

squares (SS), mean square (MS), F-ratio test statistics, and the corresponding significance 

levels (p-values). In general, the higher the F-ratio value, or the smaller the probability, 

the more important the corresponding factor. Table 3 presents the result of the ANOVA 

test for the average number of extremists. The results illustrate a significant difference 

between the various levels of intergroup differentiation escalation coefficient 𝛽 (F (2, 

1296) = 3.002, p = 0.050) and intolerance threshold 𝛿 (F (2, 1296) = 1229.465, p = 

0.000). When examining the initial number of groupings m, we observed a significant 

difference (F (2, 1296) = 24.525, p = 0.000).  Finally, we found that the absence or 

presence of random network is also significant (F (1, 1296) = 13.694, p = 0.000). 

 



35 

 

    
Table 3: Design of Experiments Configuration for Intergroup Conflict 

Independent Variables No. of Test Cases Values Used 

Beta  3 1, 1.5, 2 

Intolerance threshold 3 1, 1.5, 2  

Number of initial groupings 3 3, 5, 7 

Social Network 2 Random (p = 0.05), No network 

Control Variables No. of Test Cases Values Used 

Uncertainty (U) 1 0.2 

Convergence Parameter (𝜇) 1 0.3 

Initial Belief Distribution 1 Random  

Maximum Iteration 1 500,000 

Number of Agents 1 1000 

Number of Runs 1 25 

Dependent Variables No. of Test Cases Values 

Average Number of Extremists - - 

 

The ANOVA table also reveals that there are significant interactions between the 

intergroup differentiation escalation coefficient 𝛽 × intolerance threshold 𝛿 (F (4, 1296) 

= 22.577, p = 0.000), the number of initial groupings m × 𝛽 (F (4, 1296) = 2.558, p ≤ 

0.05), 𝛽 × random network existence (F (2, 1296) = 8.274, p = 0.000), 𝛿 × m (F (4, 1296) 

= 5.892, p = 0.000), and m × random network existence (F (2, 1296) = 9.239, p = 0.000). 

This means that the simultaneous influence of independent variables on the average 

number of emergent extremists is not additive. That is, the relationship between each of 

the interacting variables and the dependent variable depends on the value of the other 

interacting variable. Further analysis of the effect of independent variables is presented in 

the following three sub-sections. 
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Table 4: ANOVA Table for Tests of Between-Subjects Effects (Intergroup Conflict Model) 

Source SS 
Degrees of 

Freedom 
MS F P-Value 

Beta 2505.975 2 1252.987 3.002 .050 

Delta 1026453.255 2 513226.627 1229.465 .000 

M 20475.539 2 10237.770 24.525 .000 

Network 5716.507 1 5716.507 13.694 .000 

Beta * Delta 37698.167 4 9424.542 22.577 .000 

Beta * m 4271.563 4 1067.891 2.558 .037 

Beta * Network 6907.471 2 3453.736 8.274 .000 

Delta * m 9838.776 4 2459.694 5.892 .000 

Delta * Network 880.164 2 440.082 1.054 .349 

m * Network 7713.524 2 3856.762 9.239 .000 

Beta * Delta * m 4398.121 8 549.765 1.317 .231 

Beta * Delta * Network 32612.404 4 8153.101 19.531 .000 

Beta * m * Network 524.271 4 131.068 .314 .869 

Delta * m * Network 4917.298 4 1229.324 2.945 .019 

Beta * Delta * m * Network 8721.520 8 1090.190 2.612 .008 

Error 541000.720 1296 417.439   

Total 67483898.00 1350    

Dependent Variable: Number of Extremists 
R Squared = .684 (Adjusted R Squared = .672) 

 

2.3.2.1. Analyzing the effect of 𝛽 
In this section, we analyze the effect of intergroup differentiation escalation 

coefficient 𝛽 from two perspectives: 1) the effect of 𝛽 on the average number of 

emergent extremists in the society, and 2) the effect of 𝛽 on the number of opinion 

clusters. Figure 4 compares the number of extremists in the original 2D BCR model and 

the intergroup differentiation escalation model resulting from 25 numbers of runs. We 

show the number of extremists for when the interactions are restricted by random 

network and for when there is no network structure. In general, we can see that whether 

the interactions are restricted in a random network structure or not, the differentiation 

escalation model produce more number of extremists compared to the 2D BCR model. 
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Also it appears that as the 𝛽 goes up, the average number of extremists monotonically 

increases up to the 𝛽 = 1.8 point, but decreases afterward.  

 

 
Figure 3: Comparing the effect of β on the average number of extremists between the 2D BCR and 

differentiation escalation models 

(U = 0.2, m = 3, 𝝁 = 0.3, 𝜹 = 1, iterations=500,000) 

 

The reason could be traced to the amount of movement that the encountering 

agents undertake to differentiate from each other. By pushing agents to shift farther away 

from each other when they are in dissonance condition, more agents tend to reach the 

opinion borders and become extremists. This is an interesting result because it shows that 

just by changing the social interaction regime, more extremists emerge in the population. 

This supports the claim of Self-Categorization Theory (Turner et al 1987) that extremists 

are the product of simple social interactions and that extremism is more likely to be an 

emerging phenomena rather than an intrinsic feature of individuals. That is, even without 

having individuals interacting with extremists in the society, they still can become 
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extremists themselves just by interacting with those who holds less extreme beliefs 

(Urbig and Malitz 2007). 

 

𝛽 = 1.2 𝛽 = 1.5 

  

β = 2 β = 2.5 

  

Figure 4: Effect of β on the number of extremists and clusters 

(U=0.2, 𝝁=0.3, 𝜹=1, random network, iteration=500,000) 

 

We discussed in section 2.3.1 that increasing the amount of movement at the time 

of differentiation decreases the final number of opinion clusters. Here we go more in 

depth and test the effect of increasing the 𝛽 on the number of emerging opinion clusters 

in the population. Figure 5 illustrates the simulation results for different values of 𝛽 and 

Figure 6 show the corresponding average number of opinion clusters obtained by Huet et 

al’s (2008) algorithm. Both figures suggest that the number of emergent opinion clusters 
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decreases with intergroup differentiation escalation coefficient 𝛽. Indeed, as we push 

agents to shift their belief farther away from each other, the equilibrium points relocate 

and the distance between new clusters expands. This suggests that intergroup 

differentiation escalation reduces the opinion diversity in the society and in a way 

produced a radicalized population. 

 

 
Figure 5: Analyzing the effect of β on the average number of emergent opinion clusters 

(U=0.2, 𝝁=0.3, 𝜹=1, random network, iteration=500,000)   

 

2.3.2.2. Analyzing the effect of intolerance threshold  
Intolerance threshold plays an important role in agents’ selection process of 

whether to attract or differentiate from others. Figure 7 shows simulation results for four 

different values of intolerance threshold 𝛿 (𝛿 =1, 1.5, 2 and 2.5), while holding all other 

variables constant. Observationally, we can see that the number of opinion clusters 

strikingly increase as the rejection condition is restricted. Figure 6 illustrates the 

corresponding average number of opinion clusters (iterations = 500,000; replications = 
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clusters from 16 to 29. Thus, we conclude that in intergroup differentiation escalation 

situation, restricting the differentiation mechanism would increase the opinion diversity 

in population. It is worth mentioning that the same trend has been found in 2D BCR 

model by Huet et al (2008).  

 

𝛿 = 1 

 

𝛿 = 1.5 

 
𝛿 = 2 

 

𝛿 = 2.5 

 
Figure 6: Effect of intolerance threshold δ on the opinion dynamics 

(U=0.2, 𝝁=0.3, 𝜷=1.5, random network, iterations=500,000) 
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observe that by increasing the intolerance threshold, the number of emerging extremists 

monotonically decreases. This is due to fact that by restricting the rejection conditions, 

people tend to get closer to each other or at most ignoring each other’s opinion rather 

than rejecting and shifting away.  

 

 
Figure 7: Analyzing the effect of intolerance threshold δ on the average number of emergent opinion clusters 

(U=0.2, 𝝁=0.3, 𝜷=1.5, random network, iterations=500,000)   

 

 
Figure 8: Effect of intolerance threshold δ on the average number of extremists 

(U=0.2, 𝝁=0.3, 𝜷=1.5, m = 3, iteration=500,000) 
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2.3.2.3. Analyzing the Effect of the Number of Initial Groupings 
In this subsection we examine the effect of number of initial groupings m on the 

average number of emergent extremists and number of final opinion clusters. Figure 10 

shows the final distribution of the opinions for different number of initial groupings. 

Figure 11 illustrates the corresponding number of final opinion clusters for each value of 

initial number of groupings. Both figures suggest that the average number of final 

opinion clusters slightly decreases with initial number of groupings m.  

 

m = 3 m = 5 

  
m = 7 m = 10 

  
Figure 9: Analyzing the effect of the number of initial groupings on the opinion dynamics 

(U=0.2, 𝝁=0.3, 𝜷=1.5, random network, iterations=500,000) 
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shows the corresponding average number of extremists for various values of initial 

number of groupings m both in presence and absence of random network topology. We 

can see that whether the agents’ interactions are restricted only to immediate neighbors 

on a random network or not, the average number of extremists increases with the number 

of initial groupings m. 

 
Figure 10: Analyzing the effect of initial number of groupings on the average number of emergent opinion 

clusters 

(U=0.2, 𝝁=0.3, 𝜹=1.5, 𝜷=1.5, random network, iterations=500,000)   

 

 
Figure 11: Effect of initial number of groupings m on the average number of extremists 

(U=0.2, 𝝁=0.3, 𝜷=2, 𝜹=1.5, iteration=500,000) 
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2.4. Discussion and Conclusion 
Assuming that there is an interest to control and mitigate the spread of radical 

beliefs in the society, there would be a need for informed policies based on deep 

understanding of different conditions under which one could develop radical beliefs. For 

example, one could derive from the self-categorization theory that the existence of 

extremists in the society is an emergent phenomenon rather than an intrinsic property of 

the individuals. That is, the extremists are not the cause of extremism but they are the 

product of social interactions.  

A body of literature explored the idea that individuals’ beliefs that mark 

differentiation from out-groups become radicalized as intergroup tensions escalate 

(Deschamps and Brown 1983; Brown et al 1986; Kelly 1988; Leonardelli et al 2010). 

Their results show that conflict triggers identification and differentiation dynamics. 

Moreover, they find that the more intense the intergroup tensions, the more identification 

and, hence, the more differentiation occurs between individual’s opinions. That is, 

participants in the high conflict condition identified more with their in-group than 

participants in the low conflict condition, who in turn, identified more with their in-group 

than participants in the collaboration condition. The main idea is that individuals may not 

follow rational decision making when they are in serious conflict. In this situation, they 

may consider some issues as sacred values and become reluctant or even sensitive to 

compromise (Atran and Ginges 2012).  

In this chapter, we are interested in exploring the collective behavior of 

individuals when there exist some tensions between groups of people that trigger in-

group opinions. Particularly, we want to test the effect of conflict escalation on the 
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average number of extremists that are emerged as a result of social interactions. We 

developed our model based on two critical assumptions. First we assume that the tensions 

exist a priori in the society. Second we assume that the beliefs that agents are interacting 

on are differentiating beliefs. The proposed agent-based belief differentiation model is a 

modified version of 2-dimensional bounded confidence with rejection mechanism model 

proposed by Huet et al (2008). We randomly assigned the agents to m groups and let 

them to shift more away from each other if they are from different groups. We captured 

this increase in opinion rejection by introducing the intergroup differentiation escalation 

coefficient β into the model. We also incorporate a social network structure which allows 

agents to only interact within their neighborhood. We ran the model for various ranges of 

parameters and observed for difference in number of opinion clusters, change in 

equilibrium points, and level of consensus. We also designed a virtual experiment to 

systematically test the effect of intergroup conflict escalation on the average number of 

emerging extremists. 

The ANOVA test results support the hypothesis that the average number of 

extremists is a function of the intolerance threshold and the amount of attitude shifting 

when two agents are to reject each other’s belief. In other words, the increase in the 

amount of opinion differentiation would eventually lead to more extremism in the 

society. By varying the intergroup differentiation escalation coefficient between 1 and 2, 

we see more agents at the border of opinions meaning the emergence of more extremists 

in the population. In our model, in rejection situations, the agents are pushed farther away 

from the cluster by other clusters compared to the 2D BCR model. Since the beliefs are 
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bounded between -1 and 1, this increase in the amount of movement increases the 

distance between clusters which in turn reduces the number of emerging clusters. The 

results also show that the modified model produces less opinion clusters which imply that 

in the presence of tension and differentiating beliefs, not only that the equilibrium points 

are changed, but also we observe less opinion diversity in the society. 

Another interesting result coming from our virtual experiments is about the role of 

social network structure on opinion dynamics. Through the ANOVA test, we find that the 

presence of the random network structure does not have a statistically significant effect 

on the average number of emerging extremists in the society. However, the results show 

that as a result of restricting individuals’ interaction in a social network structure, the 

equilibrium points are changed, meaning that opinion clusters are relocated.  

Analyzing the effect of intolerance threshold δ on the dynamics of opinion reveals 

that it has an inverse correlation with the average number of emerging extremists. That is, 

as we restricted the rejection condition by expanding the intolerance threshold, on 

average we see less extremists at the final step. This is mainly due to the fact that people 

are more likely to attract to or at most ignore each other’s opinion rather than 

differentiating.  

Future works can test the effect of control variables. Particularly, analyzing the 

effect of different initial belief distribution would be of interest. In this chapter, we 

assume that the initial beliefs are uniformly assigned to the agents. One can use other 

distributions such as normal distribution and measure its impact on the dynamics. 

Another possible direction to extend this work is to create the social network structure 
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based on the homophily effect and then assign the initial beliefs respectively. That is, 

people who are connected to each other in the network tend to have more similar 

characteristics and beliefs compared to those who are not connected to them. Finally, 

exploring the effect of conflict escalation and presence of differentiating beliefs on the 

co-evolution of the opinion dynamics and the structure of the social network structure at 

the group level would shed lights on dynamics of group membership and the emergence 

of radical groups in the society.        

2.5. Python Codes 
The Python code of the model is available in CoMSES Net Computational Model 

Library at http://www.openabm.org/model/4154/version/2/view. 
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CHAPTER THREE: THE EFFECT OF IN-GROUP FAVORITISM ON THE 

COLLECTIVE BEHAVIOR OF INDIVIDUALS' OPINIONS2 

Empirical findings from social psychology show that sometimes people show 

favoritism toward in-group members in order to reach a global consensus, even against 

individuals’ own preferences (e.g., altruistically or deontically). Here we integrate ideas 

and findings on in-group favoritism, opinion dynamics, and radicalization using an agent-

based model entitled Cooperative Bounded-Confidence (CBC). We investigate the 

interplay of homophily, rejection, and in-group favoritism drivers on the formation of 

opinion clusters and the emergence of extremist opinions. Our model is the first to 

explicitly explore the effect of in-group favoritism on the macro-level, collective 

behavior of opinions. We compare our model against the 2-dimentional bounded 

confidence model with rejection mechanism, proposed by Huet et al (2008), and find that 

the number of opinion clusters and extremists is reduced in our model. Moreover, results 

show that group influence can never dominate homophilous and rejecting encounters in 

the process of opinion cluster formation. We conclude by discussing implications of our 

model for research on collective behavior of opinions emerging from individuals’ 

interaction. 

                                                 
2 Alizadeh, M., Cioffi-Revilla, C., & Crooks, A. (2015) The Effect of In-Group Favoritism on the 

Collective Behavior of Individuals’ Opinions. Advances in Complex Systems, 18 (1 and 2), 

1550002. 

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=FyKst9AAAAAJ&sortby=pubdate&citation_for_view=FyKst9AAAAAJ:ZfRJV9d4-WMC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=FyKst9AAAAAJ&sortby=pubdate&citation_for_view=FyKst9AAAAAJ:ZfRJV9d4-WMC
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3.1. Introduction 
Experimental studies on in-group favoritism support the existence and 

propagation of cooperative behavior among individuals. It has been shown that, across a 

variety of situations, individuals are biased in favor of members of their own group, 

rather than outgroups (Fowler & Kam 2007; Fu et al 2012). From real-world identities, 

such as religion (Bulbulia 2011), ethnicity (Whitt & Wilson 2007) , political affiliation 

(Rand et al 2009), and sport teams (Hutchins & Johnson 2009), to laboratory-produced 

groupings (Kearns et al 2009, Rand et al 2013), research has demonstrated the existence 

of in-group discriminatory behaviors. Researchers have often studied in-group favoritism 

along three attributes: 1) emergent underlying cognitive mechanisms (e.g. Keser & 

Winden 2000, Rand et al 2013), 2) the evolution and dynamics of cooperation resulting 

from individuals’ interaction (Riolo & Cohen 2001, Sherif et al 1961), and 3) the 

emergent high-level behavior of people (e.g. Helbing et al 1997, Hutchins and Johnson 

2009, Lerner et al 2006, Salganik and Watts 2009).  

In terms of underlying cognitive mechanisms, empirical evidence from 

psychology supports the prevalence of a strong individual predisposition toward in-group 

favoritism. Furthermore, behaviors favoring in-groups are also found to be widespread 

even when they are individually costly; even in the absence of competition, opportunities 

for reciprocity, or direct self-interested gain (Kearns et al 2009). With respect to the 

evolution of in-group cooperative behavior, experimental findings in the dictator game 

have shown that Democrat and Republican participants were willing to sacrifice their 

own well-being and give more to an in-group recipient than to the opposing party (Fowler 
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& Kam 2007). Moreover, it has been shown that the strength of group identification 

intensifies in-group favoritism. 

Given the extensive literature on the emergence and evolution of in-group 

favoritism, little has been done to explore the extent to which it affects the emergent 

macro-level collective behavior of opinions. Experimental studies have neglected 

measuring in-group bias based on changes in opinions. Instead, research has focused on 

measuring: 1) the evaluative trait rating of group members (Bulbulia & Sosis 2011), 2) 

ratings of group process or product (Blake & Mouton 1961), or 3) in-group/out-group 

resource distribution decisions (Rand et al 2012). Surveys potentially can be an 

alternative tool to find the effect of in-group favoritism on opinions. For example, a 

recent survey conducted by the Pew Research Center on the Ferguson Police Shooting in 

August of 2014 detected significant opinion polarization by race (Pew Research Center 

2014). In Figure 13, one can see there is major consensus among Blacks that the case has 

“raised important issues about race” and that the police “have gone too far” in the 

aftermath of Michael Brown’s death. However, Whites were divided on both issues. One 

can interpret the above racial opinion polarization as a consequence of in-group 

favoritism. That is, the shooting of Michael Brown magnified the group identification of 

Blacks, which in turn triggered the in-group favoritism leading to more consensus among 

Blacks’ opinions. Survey results on the shooting of Trayvon Martin also show the same 

pattern (Pew Research Center 2014). However, observational studies such as the one 

presented above fail to provide causal relationships between in-group favoritism and 

opinion dynamics. 
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In another survey, the Pew Research Center has recorded a rise in support for 

same-sex marriage in the United States (Pew Research Center 2013). While in 2003 only 

33% of participants were in favor of legalizing same-sex marriage and 58% opposed to it, 

in the 2013 survey the percentage of supporters rose to 49% and opponents decreased to 

44%. With respect to our study, what is of interest to us is that among those who have 

changed their opinion, 32% said that it is because they have gotten to know a family 

member, friend, or acquaintance who is gay or lesbian, which can be interpreted as an act 

of in-group cooperation. Thus, if opposition to same-sex marriage is considered an 

extreme opinion, relative to opposition, then in-group favoritism could be seen as having 

a moderating effect. 

 

 Total Black White 

(a) 

   

(b) 

   
Figure 12: Significant opinion polarization by race, in reaction to Ferguson police shooting (August 9, 2014) 

Source: Pew Research Center [50] 
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While the above examples provide a set of qualitative views on the effect of in-

group favoritism on emergent high-level collective behavior in opinion dynamics, there is 

a need to use computational models to obtain more systematic insights.  We turn to 

formal, computational modeling to move beyond qualitative views, specifically using an 

agent-based model (ABM) (Deffuant 2006). An ABM is a bottom-up, process-based type 

of model used successfully in lieu of mathematical models to study collective behavior in 

groups and societies of many individuals and corresponding macro-level patterns 

(Kenrick et al 2003, Macy & Willer 2002). ABM methodology can integrate 

computational methods and empirical findings from sociology, psychology, political 

science, and economics, and results can be used to predict, control, and modify 

consequent collective patterns of individuals (Goldstone & Janssen 2005). 

Although computational models have been previously used to investigate the 

emergence (e.g., Gray et al 2014) and evolution (e.g., Fu et al 2012) of in-group 

favoritism, no formal agent-based model has been developed to show how in-group 

cooperation functions in opinion dynamics. In a previous ABM, Salzarulo (2006) 

modeled in-group/out-group identification through a fuzzy membership function of 

agents’ opinion to predict the formation of groups. In Salzarulo’s model, called meta-

contrast (MC), agents know the opinion of other agents and try to move closer to the 

prototypical opinion of their own group while differentiating from out-groups’ 

prototypical opinions. Results show that if the strength of in-group identification is 

sufficient, agents tend to adopt the prototypical opinion of their own group. However, 
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neither the model nor the goal of the MC study was concerned with the effect of in-group 

favoritism on the opinions of individuals.  

Flache and Mäs (2008), in related work, proposed a computational model to 

explore the effect of demographic fault lines on the performance of teams. The Flache-

Mäs model assumes that the demographic attributes of agents are constant and only 

opinion attributes change over time. Agents are attracted to or reject others based on 

distances in demographic and opinion attributes. Their results show that strong 

demographic fault lines within teams leads to opinion polarization in which opinion 

subgroups form according to demographic similarity. Grow and Flache (2011) extended 

the Flache-Mäs model by including opinion uncertainty, demonstrating a moderation 

effect with regards to opinion polarization. Both models include homophily and rejection 

mechanisms (although agents’ interaction and opinion shifting are based on demographic 

attributes) and neither explicitly includes in-group cooperation. Also, the aim of these 

models is how a subgroup gets to be a subgroup and why; it is not to investigate the effect 

of in-group favoritism. 

In this chapter, we present a model that overcomes the limitations of past 

modeling efforts to specifically explore the effect of in-group favoritism on the emergent 

high-level collective behavior of opinion dynamics. By collective behavior we mean, 

following Turner and Killian (1957), “the behavior of aggregates whose interaction is 

affected by some sense that they constitute a group but do not have procedures for 

selecting or identifying leaders or members.” While the purpose of Salzarulo’s MC 

model (Salzarulo 2006) is to predict the formation of groups based on agents’ opinion, 
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we are interested in the fact that although group membership exists a priori in the 

population, such as in political parties, race, or ethnicity, the opinions of individuals are 

initially independent of their group membership. Indeed, if group membership and 

opinions are initially correlated, such as in the MC model, and individuals show 

favoritism toward the member of their own group, then some group-based polarization of 

opinions is inevitable (Salzarulo 2006, Turner et al 1987).  

Inspired by studies such as those of Kearns et al (2009) and Rand et al (2013), our 

aim is to create and analyze an ABM to examine the effect of in-group favoritism on the 

qualitative and quantitative collective behaviors of opinion dynamics. A key assumption 

of our model is that direction and strength of opinion changes do not depend only on 

individual opinions, but are moderated by group memberships as well. Indeed, we 

introduce in-group cooperation as a mechanism that affects formation and properties of 

opinions, along with other mechanisms, such as homophily and rejection. Here we use 

mechanism in the general sense traditionally employed in Psychology: ‘‘the means or 

manner in which something is accomplished. Thus, the mechanism of vision includes the 

physical stimulus and the physiological and neural processes involved.’’ (Cioffi-Revilla 

2010). 

More specifically, our focus is to investigate the effect of in-group favoritism in 

two ways: 1) the interplay of opinion formation mechanisms, and 2) the process of 

radicalization. First, we are interested in comparing the effect of social influence of group 

membership on high-level patterns of opinion dynamics, versus effects of homophily and 

rejection. Homophily is the tendency of being attracted to similar others. On the other 
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hand, according to Social Judgment Theory (Sherif & Hovland 1961), a persuasive effort 

can induce behavior or attitude changes in a direction opposite to that intended—a 

mechanism called “rejection” in the social psychology literature. We investigate whether 

in-group favoritism can cause group-based polarization in which each opinion clusters 

has agents from only one group. Results from a better understanding of these mechanisms 

have  potential implications for contagion management policies and intervention 

strategies for countering or mitigating opinion polarization and radicalization (Alizadeh 

et al 2014; Alizadeh & Cioffi-Revilla 2014; Alizadeh & Cioffi-Revilla 2015).  

Our second research focus is on the emergent phenomenon of drifting toward 

opinion extremes, or radicalization, a process that has received attention in social 

psychology, political science, and sociology, among other disciplines. A challenging 

question in radicalization is why and how extremists become extremists (Alizadeh et al 

2014; Huet et al 2008). Do extremists hold radical opinions because they have interacted 

with other extremists, or could they become radical just by interacting with moderate 

people? While many explanations have been proposed (e.g., Cioffi-Revilla 2010; 

Isenberg 1986; Turner et al 1987; Urbig & Malitz 2005), it has been theoretically shown 

that the mere rejection mechanism can explain the process of radicalization (Huet et al 

2008). That is, people can become extremists by interacting with those who have less 

extreme opinions (Urbig & Malitz 2005). In this sense, the existence of other extremists 

is not necessary for the emergence of radicalization (Isenberg 1986). Building on this 

realm of research, our goal is to investigate whether in-group favoritism fosters or 

moderates the radicalization process using an ABM. We design a virtual experiment to 
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systematically examine the effect of modeling parameters on the average number of 

emergent extremists. 

The rest of the chapter is organized as follows: Section 2 introduces and 

summarizes different agent-based models that have been proposed for opinion dynamics. 

Section 3 describes our cooperative bounded confidence model, an extension of the 2-

dimensional bounded confidence model with rejection mechanism (BCR) proposed by 

Huet et al (2008). In Section 4 we compare our results with the BCR model and run 

sensitivity analysis on our ABM’s parameters. Finally, Section 5 concludes the chapter 

and suggests further research directions. 

3.2. The Cooperative Bounded Confidence Model 
Our agent-based model is an extension of the BCR model (Huet et al 2008). To 

develop the cooperative bounded confidence (CBC) model, we follow the social identity 

approach to intergroup relations and group processes. Social Identity Theory (SIT) is a 

meta-theory or paradigm that has provided wide-ranging explanations for various 

phenomena within and among groups (Abrams 2015). The theory states that group 

membership creates in-group feelings that can favor in-group traits, values, and 

characteristics. SIT proposes different levels of identity and differentiates between 

“social identity” and “personal identity.” While social identity involves group and 

intergroup processes, personal identity concerns individual and interpersonal processes. 

Here, groups exist as a psychological construct when two or more people share the same 

identity (Abrams 2015). Social identification can occur for any type of social 

categorization (family, work team, political affiliation, gender, religion, race, among 
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others). According to SIT, people’s understanding of intergroup relations is 

psychologically related to their identity, motives, perception, and behaviors (Tajfel 1974; 

Tajfel & Turner 1979). Among intergroup relations options, in-group favoritism and 

intergroup conflict have greater scientific importance because the other two do not 

produce any kind of conflict among individuals. This chapter focuses on in-group 

favoritism, while intergroup conflict has been studied by a Bounded Confidence with 

Intergroup Conflict (BCIC) model reported in Alizadeh et al (2014).  

We follow a scenario similar to that by Kearn et al (2009), so individual 

preferences exist and have more flexibility toward their in-groups, ignoring self-

preferences to reach a global in-group consensus. Using Rand et al’s (2013) empirical 

finding, we assume that in-group favoritism exists spontaneously within agents and there 

is no explicit intergroup conflict. To isolate the fundamentals of in-group favoritism, we 

develop the simplest ABM possible to explore emergent, high-level, collective behavior 

of opinions, as is common in the ABM research community. For example, Gode and 

Sunder’s (1993) model of zero-intelligence traders demonstrated that the demand and 

supply curve of real-world markets can be replicated with nothing more than a budget 

constraint and a prohibition against trading at a loss. Such a simple model provides 

foundations for developing more complex models. For our purposes, we randomly assign 

each agent to m social groups and let agents show more openness toward their in-group 

fellows, treating group membership exogenously and assuming that group membership is 

constant over time. Our model is abstract and is not intended as a realistic portrayal of 

specific social behaviors.  
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One can interpret the static nature of group membership based on groupings 

relatively constant attributes, such as ethnicity, religion, language, and political 

affiliation, among others. For example, empirical results show that ethnic markers can 

lead to in-group favoritism even when ethnicity is unrelated to competence in a given 

domain (Bowles et al 2007). Ethnic markers do so even when groups are transient and 

group boundaries rest on the weakest of distinctions among individuals (Sherif & Harvey 

1961; Tajfel 1974). Another reason behind the assumption of group membership stability 

is that, as we have already postulated above, there is no initial correlation between group 

membership and opinions. That is, group identification is assigned randomly and 

membership in a particular group is not associated with any particular strategy. Thus, 

changing group membership because of an opinion change is beyond the scope of this 

study. 

We define two levels of uncertainty for each agent. The first is uncertainty 

associated with in-group members’ opinion (Uin), while the second is associated with out-

group agents’ opinion (Uout) where Uin ≥ Uout. At each interaction encounter, agents 

follow the same steps as in the BCR model, except that if they are from the same group, 

they use their in-group uncertainty (Uin) to update their opinion (i.e., homophily, 

rejection, or ignorance). Similarly, if two agents are from different groups, they use their 

out-group uncertainty (Uout) for opinion updating purposes. We consider two cases for in-

group encounters: 1) agents do not shift away from in-groups in a dissonance situation 

(i.e., CBC with No in-group Rejection (CBC-NR)), and 2) agents do differentiate 

themselves from in-group fellows if the difference in opinion is sufficiently large (i.e., 
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CBC with in-group Rejection (CBC-R)). Table 5 compares key features of our model 

with those of others mentioned above. 

                   Table 5: Comparison of the Agent-based Opinion Dynamics Models Under BC 

Variables BC MC BCR BCIC  CBC 

Supporting Theory Social 

Judgment 

Self-

Categorization 

Cognitive 

Dissonance 

Intergroup 

Conflict 

In-group 

Cooperation 

Dimension 1 n 2 2 2 

Uncertainty Constant N.A. Constant Constant Constant 

Communication Regime Dyadic Group Dyadic Dyadic Dyadic 

Rejection Mechanism ×     

Intergroup Conflict × × ×  × 

In-group Cooperation × × × ×  

 

3.3. Simulation Results and Analysis  
Our CBC model was implemented in Python. In this section we first show the 

general behavior of the two versions of our model and compare it with the BCR model. 

We distinguish the effect of group influence, versus homophily and differentiation 

mechanisms, by using appropriate plots. Then we turn to the CBC model and report 

results from sensitivity analysis by varying the values of specific modeling parameters. 

These modeling parameters are intolerance threshold, amount of favoritism, and number 

of initial groupings. Finally, we design and conduct a series of virtual experiments to 

examine the effect of key modeling parameters. 

3.3.1. General Behavior and Comparison with the BCR Model 
We set population size to 1,000 agents, each agent having two opinions, to enable 

comparison of our results with those from the BCR model. Initial opinions are randomly 

assigned to agents using a uniform distribution between – 1 and 1. The uncertainties u1 
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and u2 are assumed to have equal values and are held constant throughout the simulation. 

Note that uncertainty U in the BCR model is equal to that of out-group uncertainty in the 

CBC model. The assumption is that there is no initial correlation between group 

membership and agents’ opinions x1 and x2.  

Figure 14 compares the evolution of opinions in the BCR model and two versions 

of the CBC model (i.e., CBC-R and CBC-NR). Axes in each plot in Figure 3 represent 

agents’ opinions, (bound between – 1 and 1), so each dot on the 2-opinion space 

represents an agent’s compound opinion position. All other model parameters have the 

same values. Therefore, we can interpret results as changes in aggregate, population 

opinions when agents interact cooperatively with their in-group fellows. 

 

 BCR Model CBC-R CBC-NR 

T = 
100,000 

   

T = 

300,000 

   
Figure 13: Comparison of the CBC models and the BCR model 

(U = Uout = 0.2, Uin = 0.4, 𝜇 = 0.3, 𝛿 = 1.5, m = 5). Both axes represent individuals’ opinion. 
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We can see in Figure 14 that, similar to the BCR model, several stable equilibria 

emerge after some time as opinion clusters form around such points of nucleation. 

Clusters represent predominant opinions and over time they attract agents. Two forces 

cause the formation of these clusters, as discussed earlier (Section 3). The first is 

produced by agents that are close in both opinions, tending to get closer and form groups 

(i.e., homophily). The second is produced by those with similar opinion in one dimension 

and dissimilar enough opinion in another, who repel each other and separate (i.e., 

rejection). As a result, after some steps, some “meta-clusters” emerge in the population 

(Huet et al 2008). Note that an opinion cluster is an emergent phenomenon, whereas 

agents’ group membership is an attribute initially assigned randomly to agents. As noted 

in Section 1, a goal of our study was to investigate the effect of group membership on the 

formation of opinion clusters. 

The BCR model leads to opinion plurality, whereby several opinion clusters 

emerge, similar to the original Deffuant-Weisbuch model with low uncertainty thresholds 

(Deffuant et al 2000). The number of local equilibria can be used to measure consensus in 

a population, with the number of opinion clusters inversely related to level of consensus. 

Visual comparison of simulation results shows that the number of emergent opinion 

clusters in the CBC models is less than in the BCR model, although computing the 

number of opinion clusters is beyond the scope of this study. This result was expected, 

because by including the Uin in the CBC model and having Uin ≥ Uout, the overall 

uncertainty of the CBC model is greater than that of the BCR model, which in turn 

(according to the Huet et al (2008) findings) reduces the number of emergent opinion 
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clusters. This means that the size of opinion clusters in the CBC model is larger than in 

the BCR. Therefore, in-group favoritism decreases a population’s opinion diversity, 

enhancing consensus among members of the same group who are under the social 

influence of in-group favoritism. 
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BCR 

   

CBC-R 
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Figure 14: Analyzing the effect of group influence versus homophily and rejection between models 

(U = Uout = 0.2, Uin = 0.4, 𝛿 = 1.5, 𝜇 = 0.3, m = 5, iteration = 300,000).  
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Differences between CBC and BCR simulation results arise from the fact that, in 

a cooperative environment, the rejection mechanism occurs less frequently than in a non-

cooperative one. By allowing agents to show more openness to their in-group members, 

the frequency of encounters that lead to opinion rejection decreases and more individuals 

are attracted toward each other. In other words, one of the opinion cluster formation 

forces (rejection) is attenuated and thus the population ends up in fewer but more 

populated clusters. 

Another question is whether all agents in a cluster belong to the same group: does 

in-group favoritism lead to group-based polarization? If so, this means that emergent 

polarization can be explained by group influence, dominating both homophily and 

rejection in opinion formation dynamics. But if clusters include agents from different 

groups, then the presence of moderate discriminatory behaviors (e.g., Uin = 0.4) among 

self-categorized agents cannot dominate attraction and rejection forces. 

To answer this question, we plot final opinion values against groupings and plot 

agents in 3D space, as shown in Figure 15. In both versions of our proposed model, 

agents within each opinion cluster belong to different groups. There is no opinion cluster 

in which members are from only one group. This implies that opinion clustering can 

mainly be explained by homophily and rejection, not by social influence of group 

identification. In fact, the effect of in-group favoritism is to reduce the number of 

minorities and decrease opinion diversity in each group. The second and third columns in 

Figure 15, which plot groupings against an opinion, show that as we increase the amount 
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of in-group favoritism (by not allowing agents to shift away from their in-group members 

in the CBC-NR model), opinion diversity in each group decreases (herd mentality). 

As mentioned in the introduction, one goal was to examine whether in-group 

favoritism fosters radicalization. In our model, we define an agent as radical or extremist 

if at least the absolute value of one of its final opinion values is > 0.9. Figure 16 

compares the average number of extremists for different values of intolerance threshold 𝛿 

across BCR, CBC-R, and CBC-NR models. Clearly, the BCR model produces more 

extremists than the CBC for all values of 𝛿. In fact, it seems that in-group favoritism 

mediates the radicalization process in terms of the number of emergent extremists. This is 

consistent with results from the same-sex marriage survey (Pew Research Center 2013), 

discussed in Section 1. Moreover, the average number of extremists in the CBC-R model 

is always greater than in the CBC-NR. 

 

 
Figure 15: Comparing the average number of extremists across BCR, CBC-R, and CBC-NR models 

(𝜇 = 0.3, Uin = 0.3, U = Uout = 0.2, m = 5, iteration = 300,000, runs = 25) 
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3.3.2. The Effect of an Intolerance Threshold 
Opinion clusters in the BCR model form along the same horizontal and vertical 

lines (separate or quantum-discrete opinion values) when an intolerance threshold 

increases, as discussed by Huet et al (2008). This is why the number of clusters in the 

BCR model increases with 𝛿. However, in-group favoritism among agents in the CBC 

model changes this dynamic. As the intolerance threshold rises, the condition for 

differentiation is more restricted. This means that neutral encounters in which people 

neither attract to nor repel each other increase, leaving agents in their same positions at 

each corresponding time step. 

The interaction of the intolerance threshold 𝛿 with in-group favoritism, and its 

effect on opinion dynamics, is shown in Figure 17, where we plot the final opinion 

distribution against group memberships in the CBC-NR model. When δ = 1, opinion 

diversity in each group is high and agents cover a wide variety of opinions within groups. 

However, as intolerance threshold 𝛿 increases, opinion diversity within groups decreases. 

We call this phenomenon in-group polarization—i.e., agents’ opinions within a group 

divide into a small number of factions with high internal consensus and sharp 

disagreement among them. For example, for δ = 2, we see in-group opinion polarization 

around points – 0.4 and 0.4. Although the 3D plot shows that all opinion clusters have 

agents from all groups, comparison of second and third column plots between various 

levels of δ shows a partial surge of group influence on opinion formation. Simulation 

results for the CBC-R model show the same pattern.  
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 Opinion 1 vs. Opinion 2 vs. 

Groupings 
Opinion 1 vs. Groupings Opinion 2 vs. Groupings 

δ=1 

   

δ=1.5 

   

δ=2 

   

Figure 16: Analyzing the interaction of intolerance threshold δ and group influence in CBC-NR model 

(U = Uout = 0.2, Uin = 0.4, 𝜇 = 0.3, m = 5, iteration = 300,000).  

 

3.3.3. The Effect of the Amount of In-group Favoritism 
We measure the amount of favoritism ∆ by subtracting in-group uncertainty Uin 

from out-group uncertainty Uout. Figure 18 shows the interaction between the amount of 

favoritism toward in-group members and group influence by plotting final opinion values 

against initial groupings. Results demonstrate that increasing favoritism toward in-group 

members enhances group influence on agents’ opinion.  
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 Opinion 1 vs. Opinion 2 vs. 

Groupings 
Opinion 1 vs. Groupings Opinion 2 vs. Groupings 

Uin=0.
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Uin=0.
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Figure 17: Analyzing the interaction of uncertainty and group influence in CBC-NR model 

(U = Uout = 0.2, δ = 1, 𝜇 = 0.3, m = 5, iteration = 300,000). 
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groups. Figure 19 shows the distribution of final opinions for groups in the CBC-NR 

model. Increasing the number of initial groupings increases opinion diversity in the 

population and increases local consensus. But if we look at the second and third columns 

of Figure 8, we can see that for all values of m, there is a wide range of opinion diversity 
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in each group. In other words, there is no opinion homogeneity within groups and agents 

in clusters belong to different groups, consistent with results in Section 4.3. However, we 

can see that opinion diversity within groups decreases as the number of initial groupings 

decreases, implying that increasing m enhances opinion diversity in the population as 

well as within groups. 

3.3.4. The Effect of the Number of Exogenous Groups 
We next examined the effect of the number of initial membership groups m on the 

dynamics of the CBC model with and without in-group rejection. Keeping all other 

parameters constant and increasing m, we observe the same pattern evolved in both cases, 

as shown in Figure 19. The number of emerging opinion clusters increases as m 

increases, highlighting the critical role of initial conditions for emergent macro-level 

patterns in population dynamics. Increasing the initial number of groups increases local 

consensus and decreases consensus in the population. 

3.4. Virtual Experiment on the Number of Emerging Extremists 
To understand the effect of in-group cooperation on the average number of 

emergent extremists in a population, we designed a virtual experiment to systematically 

test the effect of three new parameters introduced by the CBC model: 1) in-group 

uncertainty, 2) number of initial groupings m, and 3) absence or presence of in-group 

rejection. Prior research has investigated the effect of an intolerance threshold (Huet et al 

2008), convergence (Hegselmann & Krause 2004), number of agents (Hegselmann & 

Krause 2004), and level of uncertainty (Huet et al 2008). We controlled for these 
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parameters and varied the three new parameters to understand their effects, as 

summarized in Table 6. 

 

 

 
Opinion 1 vs. Opinion 2 vs. Groupings Opinion 1 vs. Groupings Opinion 2 vs. Groupings 
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Figure 18: Analyzing the interaction of initial groupings and group influence in CBC-NR model 

(U = Uout = 0.2, Uin = 0.4, 𝜇 = 0.3, δ = 1, iteration = 300,000).  
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               Table 6: Virtual Experiment Configuration 

Independent Variables  No. of Test Cases Values Used 

In-group Uncertainty 4 0.3, 0.4, 0.5, 0.6 

Number of Groupings 4 3, 5, 7, 9 

In-group Rejection 2 Yes, No 

Control Variables No. of Test Cases Values Used 

Number of Agents 1 1000 

Intolerance Threshold (δ) 1 1.5 

Out-group Uncertainty (Uout) 1 0.2 

Convergence Parameter (μ) 1 0.3 

Initial Opinion Distribution 1 Random 

Maximum Iteration 1 300,000 

Number of Runs 1 25 

Dependent Variables No. of Test Cases Values 

Average Number of Extremists - - 

 

Before conducting the ANOVA to examine overall variation in the number of 

extremists under various scenarios, we examined the matrix of Pearson correlation 

coefficients, including dependent (average number of extremists) and independent 

variables, shown in Table 7. Since the “in-group rejection” is a categorical variable, it 

was excluded from the correlation analysis. The correlation between number of initial 

groupings and average number of extremists is positive and statistically significant at the 

5% confidence level. However, as can be seen in Figure 20, that correlation holds only 

without rejection among in-group members (the CBC-NR model). When agents show 

rejection behavior toward their in-group fellows, the initial groupings have no significant 

effect on the number of emergent extremists. By contrast, in-group uncertainty is 

negatively correlated with the average number of extremists and significant at 1% level. 

Figure 10 shows that the average number of extremists decreases as agents exhibit more 

openness toward their in-group members. 
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                             Table 7: Summary of Inter-Correlations between Variables 

Variables 1 2 3 
1. Number of Initial Groupings 1 0.000 0.080* 

2. In-group Uncertainty 0.000 1 - 0.808** 

3. Average No. of Extremists 0.080* - 0.808** 1 

         *. Correlation is significant at 0.05 level (2-tailed) 
           **. Correlation is significant at 0.01 level (2-tailed) 

 

 
Figure 19: Effect of number of initial grouping on the average number of extremists 

(U_out = 0.2, Uin = 0.4, 𝜇 = 0.3, δ = 1.5, run = 25, iteration = 300,000) 

 

 
Figure 20: Effect of in-group uncertainty on the average number of extremists 

(U_out = 0.2, 𝜇 = 0.3, δ = 1.5, m = 5, run = 25, iteration = 300,000) 
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extremist. Table 8 contains the sources of variation, including degrees of freedom (DF), 

sum of squares (SS), mean square (MS), F-ratio (F), and corresponding significance 

levels (p-values). In general, the higher the F-ratio or the smaller the p-value, the more 

important the corresponding factor. Results show  significant differences between levels 

of in-group uncertainty (F (3, 768) = 697.347, p = 0.000) when more extremism emerges 

Uin = 0.3 (M = 28.6, SE = 0.45), compared to, for example, when Uin = 0.6 (M = 2.86, SE 

= 0.45). When examining the initial number of groupings m, we observe a significant 

difference (F (3, 768) = 6.99, P-value ≤ 0.01), resulting in more extremists when m = 9 

(M = 17.5, SE = 0.45) than for a smaller number of groups, such as m = 3 (M = 14.09, SE 

= 0.45). Finally, the absence or presence of in-group rejection is significant (F (1, 768) = 

111.069, P-value = 0.000). In fact, more extremists emerge when individuals are allowed 

to shift away from their in-group fellows (M = 18.86, SE = 0.319) compared to when they 

do not show in-group rejection behavior.  

 

            Table 8: ANOVA results for the effect of key parameters on the average number of extremists 

Source SS DF MS F p-value 

Number of initial groupings 851.114 3 283.705 6.990 0.000 

In-group uncertainty (Uin) 84905.934 3 28301.978 697.347 0.000 

In-group rejection 4507.751 1 4507.751 111.069 0.000 

Groups * Uin 1367.901 9 151.989 3.745 0.000 

Groups * In-group rejection 1061.854 3 353.951 8.721 0.000 

Uin * In-group rejection 1377.794 3 459.265 11.316 0.000 

Groups * Uin * In-group rejection 882.181 9 98.020 2.415 0.010 

Error 31169.440 768 40.585 
  

Total 343759.00 800 
   

Dependent Variable: Average Number of Extremists 
R-squared = 0.753 (adjusted R-squared = 0.743) 



73 

 

ANOVA results also show that there are significant interactions among the 

number of initial groupings × in-group uncertainty (F (9, 768) = 3.745, p-value = 0.000), 

number of initial groupings × in-group rejection (F (3, 768) = 8.721, p-value = 0.000), in-

group uncertainty × in-group rejection (F (3, 768) = 11.316, p-value = 0.000), and in-

group uncertainty × in-group rejection × number of initial groupings (F (9, 768) = 2.415, 

p-value = 0.000). This means that the simultaneous influence of independent variables on 

the average number of emergent extremists is not additive. Rather, the relationship 

between each of the independent variables and the dependent variable depends on the 

value of the other interacting variables. 

3.5. Discussion and Conclusions 
One of the reasons behind the current trend toward the use of computational 

models in social science is to be able to explore, predict, and potentially influence 

undesirable collective behaviors. While traditional methods tend to use rules and orders 

to dictate an intended outcome (Goldstone & Gureckis 2009), this new promising 

approach attempts to study the final outcome of a crowd through self-organizational 

methods. That is, the desired collective outcome can be facilitated by leveraging social 

influence of groups on individuals. For example, instead of directly asking people to buy 

a certain product, the same outcome can be achieved by telling them that many people 

have already bought it (Salganik & Watts 2009). 

Studying in-group favoritism is of critical importance. Elements of in-group 

cooperation are ubiquitous, such as in election campaigns for candidates (Rand et al 

2009), diffusion of extremism in a given society (Deffuant et al 2002), and the evolution 
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of fairness (Rand et al 2013), among others. Thus, there is a need for more informed 

policies based on a deeper understanding of different conditions under which people act 

cooperatively with their in-group fellows and the consequent collective behavior that 

emerges. Our results provide a link between the literature on intergroup relations and 

emergent macro-level opinion constructs such as social polarization, segregation, 

network topology, and information diffusion.  

Researchers have explored the cognitive basis of in-group favoritism. While some 

have concluded that human beings are “conditional cooperators” (Fowler & Christakis 

2010), recent findings show that people develop “cooperative heuristics” in their 

everyday life because they typically benefit from cooperation (Rand et al 2012). In other 

words, cooperation can become “intuitive.” Regardless of the primordial origin of 

cooperation, it is valuable to understand if cooperation evolves through social networks 

(groups of individuals); and, if so, what would be the micro-level opinion dynamics of 

emergent, group-level collective behavior. 

Empirical findings from the group decision-making literature show that in some 

cases, even contrary to individuals’ preferences, individuals can coordinate behavior to 

reach global in-group consensus. Building on this, the aim of our study has been to 

examine the collective behavior of in-group favoritism in terms of opinion dynamics. 

Collective behaviors are those that are not included in the model a priori, but emerge out 

of simple interactions among a large number of individuals. More specifically, we 

focused on the effect of in-group favoritism on the number of extremists that emerge, and 
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the extent to which homophily, rejection, and group influence affect pluralism and 

polarization in a population (society). 

We used the agent-based modeling approach and developed a new extension of 

the bounded confidence opinion dynamics model, which was developed to capture 

individual’s in-group cooperation behavior. Our model is an extension of the 2-

dimensional bounded confidence model with rejection mechanism (Huet et al 2008). 

Assuming individuals interact in an environment that provides sufficient incentives to 

trigger cooperation, we randomly assigned agents to m groups and allowed them to show 

more openness to their in-group fellows rather than out-group (alien) members. 

Simulation results demonstrated some findings that suggest possible applications for 

intervention policies: 

1- In-group favoritism influences the radicalization process by affecting the 

number of emergent extremists. However, when present, in-group favoritism 

decreases opinion diversity in a population. Comparing simulation results from 

the BCR model to those from the CBC models demonstrates the effect of in-group 

favoritism on emergent group-level opinion characteristics. Similar to the BCR 

model, eventually some point-equilibria nucleated and opinion clusters emerged. 

However, the number (set cardinality) of emergent opinion clusters is very 

different between the CBC models and the BCR model. In fact, we observe a 

lesser number of clusters in the CBC simulation results. The reason for this 

phenomenon lies in the formation mechanism of opinion clusters. Two forces 

bring about the emergence of equilibrium points: homophily and rejection. In a 
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cooperative environment, people exhibit more openness to their in-group fellows 

and therefore attraction occurs more frequently, which in turn leads to fewer 

clusters. This implies that, if we define extremism as the number of people who 

hold radical beliefs, in-group favoritism significantly mitigates the radicalization 

process. However, if we define extremism as the state of low opinion diversity in 

the population (i.e., polarization), in-group favoritism amplifies the radicalization 

process. 

2- Group influence can never preclude homophily and rejection in opinion 

cluster formation. If agents are only allowed to attract like-minded agents, 

shifting away from negatively evaluated others, and exhibiting more openness 

only to in-group members, under no circumstances will in-group favoritism 

dominate the other two social interaction forces in such a way that at least one 

opinion cluster forms with agents from only one group—i.e., in-group favoritism 

would not lead to opinion homogeneity within groups. 

3- The average number of emergent extremists is positively and negatively 

related to initial number of groupings and in-group uncertainty, respectively. 

Counter-radicalization policies should aim at influencing in-group uncertainty, 

since the number of groupings seems less amenable to change. The existence of 

in-group rejection also increases the number of extremists. ANOVA test results 

also showed that the average number of emergent extremists is a function of in-

group favoritism conditions. This explains why a society can becomes suspicious 
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of extremism, even when this susceptibility is not pre-determined by populating 

opinion extremes with highly closed-minded agents. 

In this chapter, we have shown that opinion-cluster formation, degree of 

consensus in society, and emergent extremists can be modeled as a function of in-group 

favoritism, and that small changes in micro-level individual interactions lead to different 

macro-level patterns. We used the term “opinion dynamics” in our model and in our 

results for consistency with the literature on social influence models. However, we would 

argue that our results can be generalized to behaviors, beliefs, attitudes, norms, customs, 

or other cultural traits that individuals consider relevant and that are susceptible to change 

by social influence. 

Future research should test the effect of unexamined control variables and 

promising extensions, such as: 

1. Analyzing the effect of different network topologies—e.g., random, small worlds, 

or scale-free, among other social structures—to test for invariance and 

universality (Crooks & Happenstall 2012). 

2. We assumed that agents’ initial opinions are uniformly assigned. Other 

distributions—e.g., normal, power law, or other non-equilibrium distributions—

should be used to measure resulting effects on emergent group-level patterns.  

3. We also assumed that group membership is relatively static. Another research 

thrust would be to investigate emergent opinion patterns when agents are 

affiliated with more than one group, or when they change membership 

dynamically.  
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4. Another productive extension of this study would be to assign the agents’ initial 

social network structure based directly on the homophily effect. That is, people 

who are connected to each other in a network tend to have more similar 

characteristics and opinions, compared to other disconnected from them (aliens).  

Finally, exploring the effect of in-group favoritism on the co-evolution of (i) 

opinion dynamics and (ii) the structure of the social network at the group level would 

shed new light on group membership dynamics and the emergence of radical individuals 

in society. 

3.6. Python Codes 
The Python code for the model and supplementary documentation are available from the 

CoMSES Net Computational Model Library 

at: https://www.openabm.org/model/4316/version/1/view. 

https://www.openabm.org/model/4316/version/1/view
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CHAPTER FOUR: ACTIVATION REGIMES IN OPINION DYNAMICS: 

COMPARING ASYNCHRONOUS UPDATING SCHEMES3 

Empirical evidences have supported the large heterogeneity in the timing of 

individuals’ activities. Moreover, computational analysis of agent-based models has 

shown the importance of the activation regimes (a.k.a. updating schemes) on the 

collective behavior of agents. In this chapter, we apply four different asynchronous 

activation regimes including random, uniform, and two state-driven Poisson updating 

schemes on an agent-based opinion dynamics model. We compare the effect of these 

activation regimes by measuring appropriate opinion clustering statistics and also the 

number of emergent opinion extremists. The results exhibit both qualitative and 

quantitative difference between different activation regimes. In particular, we obtain a 

counterintuitive result that exposing the radical/moderate agents to more encounters 

decreases/increases the average number of extremists compared to other types of 

activation regimes. The results also show that no specific updating scheme can always 

outperform the others in reaching to consensus. 

4.1. Introduction 
The term “opinion dynamics” refers to a wide range of models in the social 

psychology, sociology, physics, and computer science literatures. These models differ in 

                                                 
3 Alizadeh, M., & Cioffi-Revilla, C. (2015) Activation Regimes in Opinion Dynamics: Analyzing 

Asynchronous Updating Schemes. Journal of Artificial Societies and Social Simulation, 18 (3), 8. 

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=FyKst9AAAAAJ&sortby=pubdate&citation_for_view=FyKst9AAAAAJ:_Re3VWB3Y0AC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=FyKst9AAAAAJ&sortby=pubdate&citation_for_view=FyKst9AAAAAJ:_Re3VWB3Y0AC
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terms of the phenomena of interest, the underlying assumptions and theories, the 

activation regimes, and updating rules. Usually, the objective of opinion dynamics 

models is to explore collective behaviors such as reaching to consensus (Huet, Deffuant, 

and Jager, 2008), emergence of extremists (Deffuant, 2006), survival and spreading of 

minority opinions (Xie et al, 2011), and distributional properties of the opinions 

(Alizadeh and Cioffi-Revilla, 2014).  

Generally, there are two main categories of opinion dynamics models. First are 

models that are based on statistical physics (Weidlich, 1971; Sznajd-Weron, 2000; 

Galam, 2005). The underlying concept of these models is a “transition rate” between 

different states of a social system, and opinion dynamics is considered in terms of order-

disorder transitions (Kurmyshev, Juárez, and González-Silva, 2011). Castellano, 

Fortunato, and Loreto (2009) review and summarize the statistical physics models which 

have been applied in social dynamics problems including the opinion dynamics. The 

second category of models is agent-based models. Here, the emerging behavior of the 

social system is studied through the interactions of independent and autonomous agents. 

Agent-based modeling is the fast growing approach to study the collective 

behavior of large number of people in social science (Cioffi-Revilla 2002). Many agent-

based models have been proposed for the dynamics of opinions by capturing the social 

psychology theories. In any agent-based model, three modeling specifications should be 

explicitly determined (Page 2005): 1) updating rules, 2) interaction structure, and 3) 

activation regime.  Agent’s updating rules can be simple or sophisticated. As Axtell 

(2001) discusses, one class of agent-based models consists of large number of agents with 
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relatively little cognitive capacity. In this type of models, the agents are very simple 

meaning they have small number of attributes and methods. But the complexity arises 

from the huge number of interactions between agents. Conversely, the second class of 

agent models includes small number of agents with relatively high cognitive ability. 

The interaction structure is the interconnections between agents (Axtell 2001) and 

can be represented in space or in networks that encode geographic, sociological, or 

feature based differences (Riolo, Cohen, and Axelrod 2001). Finally, the activation 

regime (a.k.a. “timing” or “scheduling” or “updating”) is the timing of activation. That is, 

the order on which the agents get called and take their action (Page 2005). Some 

researchers use “updating scheme” for the same concept, but following Axtell (2001) and 

Page (2005), we prefer to use “activation regime” as “updating” may get confused with 

the concept of updating rules in agent-based models which we have discussed above. 

Moreover, we call it “regime” because it is independent of the agents’ opinions and 

indeed is a parameter of the model (Urbig et al 2008). 

Studies on cellular automata and agent-based models have shown that different 

activation regimes produce different results in some models (Axtell 2001; Radax and 

Rengs 2010; Fates and Chevrier 2010). In general, some of the reported steady-states are 

artifact of the synchronization of agents’ activation. For example, Huberman and Glance 

(1993) find that by using asynchronous updating, the interesting patterns exhibited in 

Nowak and May's (1992) work disappears. In another study, Bersini and Detours (1994) 

show that for modified versions of the game of life and an immune network model, 

random asynchronous updating leads to stability rather than long transients. Moreover, in 



82 

 

the model about the emergence of firms, Axtell (2001) finds that while using random 

activation show dependence between growth rate and firm size, changing this activation 

regime to uniform activation exhibits a reverse dependence between the two variables. In 

addition to computational studies on the effect of activation orders, empirical evidences 

have also supported the large heterogeneity in the timing of individual activities 

(Barabási 2005; Oliveira and Barabási 2005; Malmgren et al 2009; Karsai et al 2011; 

Fernández-Gracia et al 2011).  

Given the potential influence of the activation regime on the qualitative and 

quantitative properties of the agent-based models, it is surprising that most of the 

proposed computational opinion dynamics models are based on random or uniform 

updating. In fact, the impact of applying different activation regimes has received little 

attention in the opinion dynamics literature. We are aware only of Urbig et al’s (2008) 

work on the effect of the number of the agents that interact at each time step. This is a 

crucial gap in the study of opinion dynamics models because we know that opinion 

dynamics models usually have large number of simple agents and as Axtell (2001) argues 

in such models the model specifications (i.e. updating rules, interaction structure, and 

activation regime) has greater effect on the behavior of the model compared with the 

model that consists of few sophisticated agents. 

In this chapter we want to investigate how applying different agent activation 

orders may affect the behavior and final output of an opinion dynamics model. In doing 

so, we apply four different asynchronous activation regimes on the 2-dimensional opinion 

dynamics model proposed by Huet et al (2008) and compute the appropriate quantitative 
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measures of opinions. It is important to quantitatively compare the effect of different 

timing orders because in some cases the qualitative results might be indistinguishable at 

aggregate level. The number of emergent opinion clusters is a common measure in this 

sense and have been used by many opinion dynamics researchers (Urbig 2003; Urbig et 

al 2008; Huet et al 2008; Mäs et al 2014). We also compute and report the maximum 

cluster size and the number of minority clusters. 

Our forth measure of interest is the phenomenon of drifting toward opinion 

extremes called Radicalization. A challenging question in radicalization is that why and 

how extremists become extremists. Several researchers have tried to model the 

emergence and propagation of extremists in agent-based opinion dynamics models by 

adding some extremist agents in the population with extreme belief but very low 

uncertainty (Deffuant et al 2002), examining the effect of network topology (Amblard 

and Deffuant 2004), assigning separate uncertainty thresholds for attraction and rejection 

(Jager and Amblard 2005), incorporating the tendency of adopting the prototypical 

opinion of a group (Salzarulo 2006), considering the rejection mechanism (Huet, 

Deffuant, and Jager, 2008; Macy et al, 2003); examining the striving for uniqueness 

among agents (Mäs, Flache, and Helbing, 2010), and introducing open- and close-minded 

agents in the population (Lorenz 2010). This chapter contributes to the literature of 

radicalization by examining the heterogeneity of the timing of individuals’ interactions.   

The rest of the chapter is organized as follows. In section 2 we introduce four 

different activation regimes used in the agent-based modeling named uniform, random, 

and two Poisson activation regimes. Section 3 summarizes simulations that show how the 
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difference in the activation regime influences the qualitative and quantitative properties 

of the model. Thereby we compare the statistics of opinion clusters and the number of 

extremists for various values of modeling parameters. Finally, section 4 concludes the 

chapter. 

4.2. Activation Regimes 
There are important differences between the manner social interactions work in 

real world and the way it is simulated by researchers. These disparities in some cases can 

be significant enough to cast doubt on the results of the computational models of social 

interactions (Huberman and Glance 1993). The inter-event time distribution of 

individuals’ activities is one of the influential parameters that needs to be addressed in 

computational models. In general, activation regimes are categorized to synchronous and 

asynchronous regimes. While synchronous activation regime assumes that all agents are 

simultaneously activated and updated at each time step of the simulation, in 

asynchronous activation regime there is no global clock that causes all agents to update 

their state at the same time (Huberman and Glance 1993).  

Asynchronous updating schedule could be based on geography in which the order 

of activation is determined according to agents’ spatial characteristics. One example 

could be that agent located at 12 o’clock activates first and the rest proceeds clockwise. 

The updating schedule could be state-dependent in which agents having a given state 

activate first. The activation regime might also depend on the incentives of agents. That 

is, those agents who benefit the most by activation precede the others (Page 1997). In 

general, any deterministic or biased activation regimes are plausible. But choosing the 



85 

 

activation scheme that fits the best to the system under study remains a modeling 

challenge. In this following, we describe the four asynchronous updating schemes 

including uniform, random, and two Poisson activation regimes (Axtell 2001). 

Uniform activation regime creates a sequence of pairs from the population 

through sampling without replacement. The pairs update their state when they were 

activated. One turn is defined as activating the entire population (in pairs) exactly once. 

To avoid spurious correlation between agents, it is crucial to periodically randomize the 

order of agent activation. That is, given the sequence in which agents are serially 

activated, some agents should be repositioned so that in the following time step most of 

the agents have at least one new neighbor. Uniform activation should be applied when 

activating all agents in a single turn is empirically or behaviorally reasonable (Axtell 

2001). 

Random activation involves selecting pairs of agents from the population with 

replacement. A turn is defined as complete when a full population has been activated, or 

after n/2 pairs have been selected. Assuming that the activation probability of all agents is 

equal, the distribution of the inter-activation times of the agents is binomial and called 

random activation (Axtell 2001). 

In Poisson activation regime, each agent has its own clock which wakes it up 

when the agent is to be updated (Schönfisch and de Roos 1999, Axtell 2001). In this 

sense, the activation of each agent is independent of all other agents. If for every t > 0 the 

number of activations in the time interval [0, t] follows the Poisson distribution with 

mean λt, then the sequence of inter-arrival times (i.e. the waiting times of the clocks) are 
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exponentially distributed with mean 1/λ. To determine the timing of activations, a random 

exponential number ti with parameter λi is assigned to each agent. The simulation starts 

with the smallest of these numbers. After getting updated, the agent calculates its next 

activation time according to 𝑡𝑖 = 𝑡𝑖 + �̂�𝑖 where �̂�𝑖 is the new assigned exponential random 

number with parameter �̂�𝑖. Then the model again looks for the smallest activation time 

and updates the corresponding agent. Note that the λi can be constant or dynamic over the 

simulation period. 

Poisson activation regime requires the determination of the activation rate, λi, for 

each agent. Several ways are possible to determine the value of λi. In this chapter, we 

introduce a state-driven approach in which the agents’ timing order depends on their 

opinions. More specifically, we consider two cases: 1) agents with extreme opinions are 

more likely to be activated (Poisson-1), and 2) agents with moderate opinions are more 

likely to be activated (Poisson-2). We choose to make λi proportional to the sum of the 

absolute values of agents’ opinions. Thus, for the former case, those having greater total 

opinion activate more frequently and those having less total opinion activate at a slower 

rate. For the latter case, agents having total opinion closer to zero have more activation 

probability and agents with total opinion closer to 2 have smaller chance of updating. 

These rates were normalized at the beginning of a turn so that, on average, one 

population of agents would be activated on each turn. 

4.3. Simulation Results 
In this section, we present and analyze our chosen agent-based simulation results. 

First we show the general behavior of the opinion dynamics model according to four 
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different activation regimes (i.e. random, uniform, Poisson-1, and Poisson-2). Next, we 

use the emergent opinion clusters’ statistics and the number of extremists to compare the 

output of opinion dynamics model according to different activation regimes. Then, we 

run the sensitivity analysis on the quantitative measures by varying the values of 

modeling parameters including the intolerance threshold δ, the opinion uncertainty U, and 

the activation regime. Finally, we use the analysis of variance (ANOVA) test to 

statistically test the significance of the modeling specifications.  

4.3.1. General Comparison 
We set the population size as 1000 agents, each having two opinions x1 and x2. 

The initial opinions are randomly assigned to the agents using the uniform distribution 

between -1 and 1. The uncertainties u1 and u2 are assumed to have equal values and held 

constant throughout the simulation. Figure 22 compares the final configuration of 

opinions resulting from different activation regimes. In each of the figures, the two axes 

represent the opinions which are bounded between -1 and 1 and each dot on the figure 

represents an agent’s opinion. All other variables and parameters among the models are 

the same including the initial opinions and uncertainties. Therefore, we can interpret the 

results as the effect of applying different activation regimes. 

Similar to the original DW model with low thresholds (Deffuant et al 2000), the 

2D BC model reaches to pluralism of the opinion where several opinion clusters emerge. 

The differentiation mechanism gives rise to the emergence of local consensus (i.e. 

opinion clusters in Figure 22). Huet et al (2008) argue that after some point, several 

stable equilibrium points emerge and opinion clusters form around those points. Two 
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forces cause the formation of the opinion clusters. On the one hand, those agents which 

are close in both opinions tend to get closer and form groups. On the other hand, those 

who feel dissonance are separated and pushed away from each other. As a result, after 

some steps, some “meta-clusters” emerge in the population (Huet et al 2008). 

 

Uniform Random 

  
Poisson-1 Poisson-2 

  
Figure 21: Final opinion space for four different activation regimes 
(U=0.2, μ = 0.3, δ = 1, population = 1000, iteration = 700,000) 

 

 

By comparing the final opinion configuration of Figure 22, it seems that applying 

different activation regimes qualitatively change the output of the opinion dynamics 

model. That is, observational comparison exhibits that not only the opinion diversity – 

measured in terms of the number of opinion clusters that co-exist in equilibrium – may 

differ, but also the equilibrium points at which opinion clusters form around differ among 
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the activation regimes. We can use the number of this local equilibrium points as a 

measure to evaluate the degree of consensus in the whole population. 

4.3.2. Analysis of Opinion Clusters 
In order to compute the number of the clusters, we use the same algorithm used 

by Deffuant (2006) and Huet et al (2008). That is, we define a minimum distance ε 

between the agents’ opinions under which they assign to a same cluster. In practice we 

set the minimum distance at ε = 0.05 and neglected the clusters of size lower than 5 

agents and count them as minority clusters. We run the model for 25 times and report the 

average number of clusters. The following pseudo-code can be used to identify and 

compute the number of opinion clusters in the final configuration of opinions. 

epsilon = 0.05 

cluster matrix = an empty matrix 

for each agent i: 

 current cluster = an empty array 

 if agent i is not in cluster matrix: 

  add agent i to current cluster 

 for each agent j = i + 1: 

  d = Euclidean distance between agents i and j 

  if d < epsilon: 

   add agent j to current cluster 

 add current cluster array to cluster matrix 

From the first column of Figure 23, we can see that the intolerance threshold does 

not correlate with the number of opinion clusters. However, it has interactions with 

activation regimes. The second column of the Figure 23 shows the effect of different 

activation orders and intolerance threshold on the maximum cluster size when the 

uncertainty is fixed. While we cannot explicitly see any regular pattern for the effect of 

updating schemes and intolerance threshold, we can see that the Poisson activation 
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regime in which the extremists are more likely to become activated (Poisson-1) produces 

the least maximum cluster size for all combinations except for one case where U = 0.1 

and d = 1. Finally, the third column illustrates that except for the U = 0.2 in which the 

number of minority opinion clusters decreases with intolerance threshold, in other cases 

no regular pattern can be identified.  

 

 Number of Clusters Maximum Cluster Size Number of Minority Clusters 

U=0.2 

   

U=0.3 

   

U=0.4 

   
Figure 22: Comparing the effect of applying different activation regimes on the number of clusters, maximum 

cluster size, and number of minority clusters for three levels of intolerance threshold when opinion uncertainty 

is fixed 
(μ = 0.3, population = 1000, iteration = 700,000) 
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In Figure 23, at U = 0.2, the uniform updating scheme produces the most number 

of opinion clusters with almost least maximum cluster sizes and large number of minority 

clusters. The Poisson-2 activation regime leads to the relatively fewer number of clusters 

with larger maximum sizes and few numbers of minorities. At U = 0.3, the Poisson-1 

generates large number of opinion clusters with least maximum cluster sizes and 

moderate number of minorities. The Poisson-1 results often show big size opinion 

clusters and high number of minorities. At U = 0.4, the Poisson-2 activation regime 

produces almost largest number of clusters, maximum size, and minorities. Random 

updating leads to the least number of clusters with moderate maximum size and few 

minorities. 

Figure 24 shows how does the clustering of opinions vary with the updating 

scheme and opinion uncertainty. The results from the first column exhibit a negative 

correlation between the number of opinion clusters and opinion uncertainty and a positive 

correlation between the maximum cluster size and the uncertainty in all activation 

regimes. There is not any general pattern for which timing regime leads to the most or 

least number of opinion clusters. However, in case of maximum cluster sizes, it seems 

that the Poisson-2 activation regime almost has the greatest maximum and the Poisson-1 

has the least cluster sizes among the others. 
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 Number of Clusters Maximum Cluster Size Number of Minority Clusters 

d=1 

   

d=1.5 

   

d=2 

   
Figure 23: Comparing the effect of applying different activation regimes on the number of clusters, maximum 

cluster size, and number of minority clusters for three levels of intolerance threshold when opinion uncertainty 

is fixed 
(μ = 0.3, population = 1000, iteration = 700,000) 

 

When d = 1, the uniform regime produces large number of clusters at U = 0.2 and 

0.3 with moderate maximum sizes. On the other hand, the Poisson-2 regime generates 

almost fewest number of clusters with greatest maximum cluster sizes. When d = 1.5, 

Poisson-2 results in large number of clusters with highest maximum sizes. 

Ideally, the activation regime that produces the minimum number of opinion 

clusters, minimum number of minorities, and largest maximum cluster size is of interest. 

However, our results show that these ideal conditions only occur in 4 out of the 9 

combinations of the opinion uncertainty and intolerance threshold. 
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          Table 9: Summarizing the Performance of Different Activation Regimes on Consensus Building 

Opinion 

Uncertainty 

Intolerance 

Threshold 

Minimum Number 

of Clusters 

Largest Maximum 

Cluster Size 

Minimum Number 

of Minorities 

0.2 1 Poisson-1 and -2 Poisson-1 Poisson-2 

0.2 1.5 Poisson-2 Poisson-2 Poisson-2 

0.2 2 Random Random Random 

0.3 1 Poisson-2 Poisson-2 & Random Poisson-2 

0.3 1.5 Random Poisson-2 Random 

0.3 2 Uniform Uniform Poisson-1 

0.4 1 Random Poisson-2 Random 

0.4 1.5 Random & Uniform Poisson-2 Poisson-1 

0.4 2 Random & Uniform Random Random 

 

 

Table 10: ANOVA Test for the Number of Opinion Clusters 

Source 
Sum of 
Squares 

Degree of 
Freedom 

Mean 
Square 

F Sig. 

Corrected Model 88533.070a 35 2529.516 75.750 .000 
Intercept 500556.250 1 500556.25 14989.78 .000 

D 88.747 2 44.373 1.329 .265 

U 76123.087 2 38061.543 1139.801 .000 
AR 2208.528 3 736.176 22.046 .000 

D * U 2725.427 4 681.357 20.404 .000 

D * AR 1719.342 6 286.557 8.581 .000 
U * AR 4674.309 6 779.051 23.330 .000 

D * U * AR 993.631 12 82.803 2.480 .003 

Error 28851.680 864 33.393   
Total 617941.000 900    

Corrected Total 117384.750 899    

a. R Squared = .754 (Adjusted R Squared = .744) 

 

 
Table 11: ANOVA Test for the Maximum Cluster Size 

Source Sum of Squares 
Degree of 
Freedom 

Mean  
Square 

F Sig. 

Corrected Model 9465499.692a 35 270442.84 100.245 .000 
Intercept 32471382.668 1 32471382.6 12036.15 .000 

AR 282673.639 3 94224.546 34.926 .000 

U 8621614.462 2 4310807.2 1597.885 .000 
D 113435.829 2 56717.914 21.024 .000 

AR * U 239456.018 6 39909.336 14.793 .000 

AR * D 29008.944 6 4834.824 1.792 .098 
U * D 123051.291 4 30762.823 11.403 .000 

AR * U * D 56259.509 12 4688.292 1.738 .055 

Error 2330916.640 864 2697.820   
Total 44267799.000 900    

Corrected Total 11796416.332 899    

a. R Squared = .802 (Adjusted R Squared = .794) 
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Table 12: ANOVA Test For the Number of Minority Clusters 

Source 

Sum of 

Squares 

Degree of 

Freedom Mean Square F Sig. 

Corrected Model 359481.422a 35 10270.898 72.174 .000 

Intercept 1402487.538 1 1402487.538 9855.3 .000 
D 62109.216 2 31054.608 218.22 .000 

U 153794.409 2 76897.204 540.36 .000 

AR 16062.889 3 5354.296 37.625 .000 
D * U 51988.298 4 12997.074 91.331 .000 

D * AR 8291.291 6 1381.882 9.711 .000 
U * AR 51795.244 6 8632.541 60.661 .000 

D * U * AR 15440.076 12 1286.673 9.042 .000 

Error 122953.040 864 142.307   
Total 1884922.000 900    

Corrected Total 482434.462 899    

a. R Squared = .745 (Adjusted R Squared = .735) 

 

To better measure the effect of different updating schemes on the properties of 

opinions, we run a 3×3×4 full-factorial ANOVA test on our results. We consider three 

levels for intolerance threshold and opinion uncertainty along with four different 

activation regimes and 25 observations for each combination. The ANOVA table 

contains the sources of variation, degrees of freedom, sum of squares (SS), mean square 

(MS), F-ratio test statistics, and the corresponding significance levels (p-values). The 

results from Table 10 illustrate a significant difference between the different types of 

activation regimes (p-value = 0.00) and various levels of uncertainty (p-value = 0.00) on 

the number of opinion clusters. All interactions between factors are significant as well. 

However, the effect of intolerance threshold does not seem to be statistically significant 

at 5 percent significance level as the p-value is equal to 0.265. We also run one-way 

ANOVA test to just measure the significance of the activation regimes on the number of 

emergent clusters and it turned out to be highly significant (p-value = 0.00). 
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Table 11 presents the ANOVA test results showing the significance level of 

different factors and factors interactions on the maximum opinion cluster sizes. We can 

see that the difference is significant for all modeling factors (difference significant at p < 

0.05). Table 10 also shows that the interactions between activation regime and opinion 

uncertainty and also intolerance threshold and opinion uncertainty are statistically 

significant (p-value = 0.00).  The one-way ANOVA test of the effect of updating schemes 

on the maximum cluster size supports the significance of activation regimes (p-value = 

0.00). Finally, Table 12 demonstrates the ANOVA test results for the number of minority 

clusters. The corresponding p-values indicate that all modeling factors and their 

interactions are significant sources of variation. Similar to previous measures, the one-

way ANOVA shows the significance of the effect of activation regime on the average 

number of minority clusters (p-value = 0.00). 

4.3.3. Number of Extremists 
As mentioned in the introduction part of the chapter, our second main interest in 

this chapter is to explore the effect of the activation regimes on the average number of 

emergent extremists in the population. Here we would like to examine whether any 

particular activation regime can intensify or moderate the radicalization process. In doing 

so, we apply different asynchronous updating schemes on the 2D BC opinion dynamics 

model and test the effect of them along with two other modeling parameters of the 2D BC 

model (i.e. opinion uncertainty and intolerance threshold). Similar to the analysis of 

opinion clusters section, we consider three different levels for opinion uncertainty (U = 
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0.2, 0.3, and 0.4) and intolerance threshold (δ = 1, 1.5, and 2). All other modeling 

parameters kept constant during the experiment. 

Figure 25 compares the average number of emergent extremists that resulted from 

applying different activation regimes at various opinion uncertainty levels. It appears that 

in all three levels of intolerance thresholds, as the opinion uncertainty increases, the 

average number of extremists decreases in all activation regimes. The slope of reduction 

is usually lower in Poisson-1 activation regime compared with the others. Moreover, we 

can see that the uniform and random activation regimes exhibit similar patterns and 

produce almost same number of extremists. On the other hand, the Poisson-1 activation 

regime seems to generate relatively fewer number of radical agents at δ = 1 and δ = 1.5. 

The Poisson-2 updating scheme generates the most number of extremists when the 

intolerance threshold is fixed at δ = 1 and δ = 1.5. Indeed, at U = 0.2 level, it always 

produces the greatest number of emergent extremists. However, it produces relatively 

fewer radicals when δ = 2 and U = 0.3 or 0.4. 

 

δ = 1 δ = 1.5 δ = 2 

   
Figure 24: Comparing the number of extremists from four different activation regimes at different opinion 

uncertainty levels when the intolerance threshold is fixed 
(μ = 0.3, population = 1000, iteration = 700,000) 
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U = 0.2 U = 0.3 U = 0.4 

   
Figure 25: Comparing the number of extremists from four different activation regimes at different intolerance 

threshold levels when the opinion uncertainty is fixed 
(μ = 0.3, population = 1000, iteration = 700,000) 

 

Figure 26 shows how the average number of extremists changes with activation 

regime when the intolerance threshold is increased and opinion uncertainty is fixed. Two 

observations should be noticed here. First, in all activation regimes, increasing the level 

of intolerance threshold decreases the number of radical agents. We should have expected 

this because higher level of intolerance threshold means that individuals are more likely 

to tolerate the opinion differences. Therefore, less number of agents decide to 

differentiate from others which in turn reduces the overall number of differentiating 

encounters in the simulation. One should also note that the number of extremists usually 

decreases with lower slope in the Poisson-1 regime compared to other timing schemes.  

Second, it appears that applying uniform and random activation schemes does not 

significantly change the number of extremists. However, Poisson updating schemes 

seems to significantly change the number of radical agents compared to other two 

activation regimes. While the Poisson-1 often leads to the least number of extremists, the 

Poisson-2 scheme appears to produce the greatest number of radical agents in most 
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combinations. These observations are quite interesting and somehow counterintuitive 

because in the Poisson-1 activation regime we have allowed agents with greater total 

opinions to get activated more frequently. In other words, we let the agents with extreme 

opinions to involve in more number of encounters compared to moderate ones. As a 

result, one might expect to see more number of radical agents in the population, but the 

simulation results actually show an inverse pattern. On the other hand, the Poisson-2 

activation regime, in which we let the moderate agents to update more frequently, 

produces the most number of radical agents compared to other activation regimes. One 

plausible explanation for this outcome might be that the Poisson-1 updating scheme 

increases the relative number of “attractive” encounters whereas the Poisson-2 activation 

regime increases the relative number of “differentiating” or “rejecting” encounters. 

The ANOVA test reveals that all modeling factors including the activation regime 

and their interactions have statistically significant effect on the average number of 

emergent extremists at the 5 percent significance level (Table 13). We also ran the one-

way ANOVA to only test the effect of using different activation regimes on the number 

of extremists and it supports the significance of it as well (p-value = 0.00). Also, since the 

interactions are significant, one should be very cautious in interpreting the main effects. 

A significant interaction here means that for example the effect of a given activation 

regime on the number of emergent extremists at one opinion uncertainty level is different 

from its effect at the other opinion uncertainty level. Table 14 should be consulted to 

figure out what combinations of fixed factors will minimize or maximize the average 

number of radical agents in the population. 
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Table 13: ANOVA Tests of Between-Subjects Effects on Number of Extremists 

Source 
Sum of 

Squares 

Degree 

of 

Freedom 

Mean Square F Sig. 

Corrected 

Model 
6146316.960a 35 175609.056 132.077 .000 

Intercept 13613148.160 1 13613148.16 10238.54 .000 

D 2496083.460 2 1248041.730 938.661 .000 

U 2638945.680 2 1319472.840 992.385 .000 

AR 302714.640 3 100904.880 75.891 .000 

D * U 156277.120 4 39069.280 29.384 .000 

D * AR 216342.193 6 36057.032 27.119 .000 

U * AR 160481.733 6 26746.956 20.117 .000 

D * U * AR 175472.133 12 14622.678 10.998 .000 

Error 1148772.880 864 1329.598   

Total 20908238.000 900    

Corrected Total 7295089.840 899    

a. R Squared = .843 (Adjusted R Squared = .836) 

 
 

Table 14: Comparing activation regimes in number of extremists 
Opinion 

Uncertainty 

Intolerance 

Threshold 

Minimum Maximum 

0.2 1 Poisson-1 Poisson-2 

0.2 1.5 Poisson-1 Poisson-2 

0.2 2 Poisson-1 Poisson-2 

0.3 1 Poisson-1 Poisson-2 

0.3 1.5 Random Uniform 

0.3 2 Poisson-2 Poisson-1 

0.4 1 Random Poisson-2 

0.4 1.5 Random Poisson-2 

0.4 2 Poisson-1 Uniform 

 

4.4. Discussion and Conclusion  
One of the reasons behind the current trend toward the use of computational 

models in social sciences is to be able to predict and control the collective behavior of 

people. In order to accomplish these tasks, one should take into account the detailed 

behavioral aspect of the systems that is intended to be modeled. Agent activation is an 

important but neglected aspect of agent-based model building and evaluation. It is 

important to consider multiple activation schemes because, as we have shown here, 
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activation regime has qualitative and quantitative impact on the model output. Without an 

understanding of the role of activation timing it will be hard to assign causes of variation 

in a model, as some of this will undoubtedly be due to how agents are turned on.  

This chapter contributes to the literature of opinion dynamics in three ways. First 

we introduce a state-driven activation regime in which agents’ timing order depends on 

their opinions. Second, we show how using different activation regimes can qualitatively 

change the outcome of a given opinion dynamics model. Third, we discussed various 

statistics (i.e. number of opinion clusters, maximum cluster size, number of minority 

clusters, and number of emergent extremists) to show how applying different updating 

schemes can quantitatively change the results.    

The simulation results showed that none of the activation regime can dominate the 

others in terms of reaching to consensus. That is, there is no updating scheme that for 

each combination of opinion uncertainty and intolerance threshold produces the 

minimum number of opinion clusters, minimum number of opinion cluster minorities, 

and maximum major cluster size. Out of the nine analyzed combinations of uncertainty 

and intolerance threshold, only in four of them we could identify an activation regime 

that has all ideal measures of reaching to consensus. However, even in those four 

conditions we see different activation regimes. We have provided a table that can be 

consulted to identify that at each condition which activation regime(s) results in more 

consensus level. We also performed the one-way and full factorial ANOVA tests to 

statistically measure the significance of using different activation regimes on the three 

opinion clusters statistics and the results showed the significance difference at p < 0.05.   
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Another fascinating result is the moderating role of Poisson-1 activation regime 

on the emergent of extremists in the population. This is interesting because in Poisson-1 

activation regime we have allowed agents with larger values of opinions to get activated 

more frequently. In other words, we let the agents with extreme opinions to involve in 

more number of encounters compared to moderate ones. As a result, one might expect to 

see more number of extremists in the population, but the simulation results show an 

inverse pattern. One immediate implication of this finding is that talking and interacting 

with radical individuals would eventually be effective in reducing the number of people 

with radical opinions in the society. 

On the other hand, the Poisson-2 updating scheme, in which the moderate agents 

have more interaction probability and get involved in more encounters, exhibit another 

counterintuitive result. While we expected to see smaller number of radical agents, the 

Poisson-2 updating scheme leads to the emergence of maximum number of extremists in 

all nine combinations of opinion uncertainty and intolerance threshold compared to other 

three updating regimes. One explanation for this phenomenon might be that allowing 

moderate agents to get activated more frequently increases the number of differentiating 

encounters in which agents feel dissonance and reject from each other which eventually 

leads to the formation of more radical opinions in the population.   

The results of this study support the influential role of activation regime in the 

collective behavior of individuals’ opinions and promote the consideration of activation 

regime as one of the modeling specifications that should be determined explicitly and 

appropriately in all agent-based models. Our study has some limitations as well. Since we 
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wanted to only investigate the role of activation regimes, we exactly implemented the 

original 2D BC model. This model does not include the network structure in its activation 

and updating mechanisms. Future works can add the social network topology to the 

current study. To this one might add the analysis and comparison of another 

computational opinion dynamics models and introducing new state-driven or incentive-

based activation regimes as well.  
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CHAPTER FIVE: THE GEOGRAPHY OF POLITICAL OPINION EXTREMISM 

IN THE U.S.4 

Political opinion extremism has been mostly studied at the individual level and 

the regional indicators has been neglected. The present work explores the geography of 

political opinion extremism using the 2012 American National Election Study (ANES) 

data. We examined the state level correlations between the level of political opinion 

extremism and indicators reflecting five personality traits and socio-economic-religious 

level. We found openness to experience and poverty to be most significantly associated 

with political opinion extremism. The results do not support the traditional connection 

between negative personality traits with extreme conservatism and positive personality 

traits with extreme liberalism. Furthermore, we found that most of the variations in the 

extremism ratios can be attributed to socio-economic variables rather than to personality 

traits. Finally, we use the Geographically Weighted Regression model to estimate 

specific local regression coefficients for each personality trait for each state. The results 

provide evidence for the necessity of the use of domain-specific models in extremism 

studies. 

                                                 
4 Meysam Alizadeh, Claudio Cioffi-Revilla, Nauro Koizumi, Andrew Crooks, Jeremy Mayer. 

“The Geography of Political Opinion Extremism in the United States”. In Preparation. 



104 

 

5.1. Introduction 
The problem of interest in this chapter is the phenomenon of drifting toward 

political opinion extremes. The process is called Political Radicalization and has received 

a great deal of attention in social psychology from its inception (e.g. Adorno 1950; 

Abelson 1995; McCauley and Moskalenko 2008). Functionally, political radicalization is 

defined as an increased commitment to and preparation for intergroup conflict. 

Descriptively, it means changes in beliefs, feelings, and behaviors in directions that 

increasingly justify intergroup conflict and demands at the expense of defending the in-

group values (McCauley and Moskalenko 2008). Many possible meanings of 

radicalization can be imagined, but as McCauley and Moskalenko (2008) argue, “most of 

the relevant distinctions can be represented with the usual social psychological 

distinctions among belief, feeling, and behavior”.  

Previous studies on radicalization can be categorized along three behavioral scales 

(Cioffi 2012): individual, group, and societal. Individual radicalization is the 

phenomenon in which individuals’ opinions drift toward increased support of the one side 

of intergroup conflict. Group radicalization refers to the process that a group of 

individuals with a shared salient identity become extremists. Societal radicalization is a 

macro-level phenomenon at the level of a whole society in which a stark opinion 

polarization is observed. None of these three levels are well understood and the related 

empirical and theoretical results are uneven (Cioffi 2012). Furthermore, it seems unlikely 

that any single theory can integrate all the influences that bring individuals to radical 

political opinion and action (McCauley and Moskalenko 2008; Cioffi 2012; Kruglanski et 

al 2014). The literature has come to an agreement that there are multiple and diverse 
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pathways leading individuals and groups to radicalization and terrorism (e.g. Jost et al 

2007; McCauley and Moskalenko 2008; Bartlett and Miller 2011; Kruglanski et al 2014). 

Although it is radicalization of behavior that is of greatest policy concern, 

research has demonstrated the role of opinion radicalization as a possible preceding step 

of violent radicalization (Linden and Klandermans 2006; McCauley and Moskalenko 

2008). Also, opinion extremism may lead to an actively hostile or dominant approach 

against socially sanctioned scapegoats or vulnerable minorities and devalued out-groups 

(Jost et al 2003), which is also a primary focus of social dominance theory (Sidanius & 

Pratto, 1999; Whitley, 1999). Moreover, some extreme ideologies, such as right-wing 

authoritarianism (RWA) may lead to a more passively submissive posture toward 

authorities, which would make its subscribers ideal candidates to follow the next Hitler or 

Mussolini (Altemeyer 1998; Jost et al 2003). In other words, extreme RWA attitudes 

“lock” people into a “dominance-submissive authoritarian embrace” (Altemeyer, 1998, p. 

47).   

The key questions with respect to political radicalization are: why and how do 

individuals become extremists. Social and political psychologists have extensively 

studied the factors that may lead individuals to adopt extreme opinions (e.g. Myers and 

Lamm 1976; Isenberg 1986; Sidanius 1988; Turner et al 1987; Abelson 1995; McCauley 

and Moskalenko 2008; Atran and Ginges 2012). There is a considerable amount of 

evidence suggesting that individual differences in personality correlate with political 

orientation (e.g. Adorno, Frenkel-Brunswik, Levinson, & Sanford 1950; Eysenck 1954; 

McCloskey 1958). Previous research on the relationship between personality and political 
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attitudes has been mostly focused on racial resentment (Sniderman & Carmines 1997; 

Feldman & Huddy 2005), right-wing authoritarianism (Adorno et al 1950, Altemeyer 

1996), and partisanship (Campbell et al 1960). 

Most of these early attempts to link personality traits with liberal/conservative 

political attitudes portrayed conservatism as a pathology and focused on connecting 

conservatives with negative personality traits (e.g. Adorno et al, 1950; Altemeyer, 1981; 

Altemeyer, 1996). Focusing on the causal connections between negative personality traits 

and conservatism and positive traits with liberalism continues to dominate research in this 

area, though the language has become more subtle (see Block & Block, 2006; Jost, 

Glaser, Kruglanski, & Sulloway, 2003; Jost et al, 2008). Particularly, researchers in 

psychology have explored the stable dispositional factors which influence political 

attitudes. For instance, Jost and colleagues (Jost, 2006; Jost, Glaser, Kruglanski, & 

Sulloway, 2003; Jost, Nosek, & Gosling, 2008) have shown that individuals with 

heightened needs for epistemic and existential certainty and security are more likely to 

identify as conservatives. 

With respect to personality research, the Five Factor Model (FFM), which is a 

dimensional representation of personality structure, is considered the most 

comprehensive and reliable set of personality concepts (John and Srivastava 1999; Costa 

and McCrae 2008). Within the FFM, an individual is associated with five scores referring 

to openness (O), conscientiousness (C), extraversion (E), agreeableness (A), and 

neuroticism (N). Each of these traits consists of several items divided over some facet 

scales. Openness is associated with intellectual curiosity, unconventional beliefs, and 
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creativity (Costa & McCrae 1992; Ozer & Benet-Martínez, 2006). Extraversion is related 

to sociability, seeking excitement, and physical health (Swickert et al 2002; Ozer & 

Benet-Martínez, 2006). Agreeableness is positively related to community involvement, 

religiosity, and trustworthiness, and negatively related to criminality (Jensen-Campbell 

and Graziano 2001; Roberts et al 2007). Conscientiousness is positively associated with 

religiosity, resourcefulness, ambitiousness, health-protective behavior, and longevity and 

is negatively related to criminality (Mervielde, & De Fruyt, 2004; Roberts et al 2007). 

Finally, neuroticism is related to impulsive and criminal behavior, poor coping, and 

morbidity (Jong et al 1999; Ozer & Benet-Martínez, 2006). 

Among these five personality traits, it appears that the openness to experience has 

reliable correlations with political attitudes and ideologies (Altemeyer, 1996; McCrae & 

Costa 1997; Peterson et al 1997; van Hiel et al 2000; Carney et al 2008; Gerber et al 

2010). For example, the inverse relationship between openness to experience and the 

general conservatism in Riemann et al (1993) and Van Hiel and Mervielde (1996) studies 

were shown to be very strong. Moreover, previous research has found that openness to 

experience is negatively associated with the uncertainty avoidance (Hodson & Sorrentino 

1999). On the other hand, uncertainty avoidance is positively correlated with the 

tendency to endorse conservative opinions (Jost et al 2003). As a result, empirical studies 

on the relationship between uncertainty avoidance and political attitude can also be 

generalized to the relationship between openness to experience and political attitude as 

well. In order to analyze the relationship between uncertainty avoidance and ideological 

extremism, Jost et al (2007) conducted three independent studies and found significant 



108 

 

negative relationships between uncertainty avoidance and ideological extremism in two 

studies and no reliable association in another. 

Pertaining to the relationship between political extremism and personality, a 

fierce debate among scientists has developed since the 1950s (e.g. Eysenck 1954, 1981; 

Ray 1983; Stone 1981; van Hiel et al 2000). This debate however is one for which hardly 

any empirical data is available. While some experimental studies confirm the negative 

relationship between the openness to experience and political extremism, others have 

found no or even a positive correlation between the two. For instance, van Hiel et al 

(2000) found no significant correlation between openness to experience and political 

ideology in a political party participants sample. However, their results reveal a positive 

correlation between openness to ideas and membership in right-wing extreme parties 

among political party members. In addition, most of these studies were conducted with 

social science students, and few of them have used samples more representative of a 

national electorate (van Hiel et al 2000). 

While many researchers have examined the relationship between psychological 

processes and political opinion extremism at the “individual” level, the literature fails to 

provide insights at the regional level within a country. Identifying and evaluating regional 

contexts, such as states or provinces, and examining and comparing the correlates of 

political opinion extremism within and between such contexts, potentially can help to 

clarify the psychological and socio-geographic processes underlying political opinion 

radicalization. It should be noted that in the study of the variables that can be analyzed at 

different levels (e.g. individual, county, or state-level), one cannot generalize findings in 
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one level to another. Although the results from different levels often match, they are 

logically independent (Rentfrow et al 2008).  

With respect to why and how do individuals become extremists, in this chapter, 

we try to provide some answers for the “why” question by examining the association 

between political opinion extremism on the one hand and personality traits and socio-

economic-religious indicators on the other hand. Moreover, we are interested to find out 

which of these characteristics is the most important driving force behind the political 

opinion extremism variation across the contiguous United States (US) and can explain 

most of the differences. In addition, we are also interested in exploring the extent to 

which the dependent and independent variables are spatially correlated. That is, whether 

or not socio-economic-religious indicators, personality traits, and extremism are 

correlated differently in different states. 

Using the 2012 American National Election Study (ANES) data (ANES 2012), 

we measure the opinion extremity ratio of each state over the three highly-debated 

domestic issues in the 2012 presidential campaign including the 2010 health care law, 

defense spending, and government services and spending. Moreover, we used political 

ideology extremism as the fourth measure within our study. Due to the different nature of 

these issues, we would expect to find different statistically significant correlates for each 

of them. 

5.2. The Role of Place in Political Opinions 
There has been a longstanding debate over the “universal” versus the “particular” 

regarding the properties of a specific place or group of people (see Agnew 1996). The 
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former asserts that similar influences exist all over the earth's surface, and if there is a 

particular phenomenon irrespective of spatial variation in its incidence, usually a single 

meta-factor is invoked to explain it. The latter, however, claims that there are persistent 

socio-economic and cultural divisions in different places which cause essential 

differences between them. Agnew (1996) proposed an alternative framing in which the 

universal and particular are replaced with the “global” and “local” respectively. He 

argues that these two geographical scales are interrelated and are always defined in 

reference to one another and they are connected through human agents whose actions 

bring together a variety of influences. In this view, spatial variations are produced by 

socio-spatial processes at multiple scales, creating different social and political 

geographical contexts. 

The influence of geography on social processes is a topic of growing interest. For 

example, in terms of political opinion, there are two general influential micro-level 

mechanisms which may contribute to its spatial variation: “direct” and “indirect” (Cox 

1969; Johnston and Pattie 2006). The direct mechanism is a “perception-mediated” one 

which is concerned with individuals interacting with their environment (Agnew 1996). 

Through such interactions, spatial variations in political attitudes emerge from 

individual’s perceptions of and experiences with different socio-spatial factors. Such 

factors include: the social division of labor; the nature of communication technology and 

access to it; the imposed territorial boundaries and the consequent tensions; socio-

economic factors, and the micro-geography of everyday life (Pattie et al 1995; Agnew 

1996; van Gent et al 2014). The indirect mechanism is “interaction-mediated” as 
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individual talk together about politics. This mechanism is strongly mediated by social 

contacts because the structure and quality of a person’s social network plays an important 

role in the diffusion of information and preferences (Nieuwbeerta and Flap 2000; David 

and van Hamme 2011). The geographical influence, though, is present because social 

networks are tied to space (Onnela 2011; Barthelemy 2011). 

With respect to direct and indirect influences, it is often observed that spatial data 

collected from nearby locations exhibit similarities in terms of type, size, or magnitude 

(Shin and Agnew 2011). Putting this in statistical terms, the value of a variable at one 

location is often correlated with proximate values, and is not necessarily independent as 

classical probability theory assumes. When geo-referenced data are mapped, such 

similarities between nearby values of a variable usually emerged as spatial clusters or 

“hotspots” of similar values (see de Smith et al 2015). Detecting and analyzing such 

geographic similarities, referred to formally as spatial dependence or spatial 

autocorrelation at the local level, and spatial heterogeneity or spatial variation at the 

regional scale, are of scientific importance as it allows us to compare and contrast 

different geographical areas (Shin and Agnew 2011). 

With respect to political geographical research, studies have used spatial analysis 

techniques to explore the effect of geography on individuals’ political preferences. Most 

of the attention has been given to electoral geography attempting to uncover the 

relationship between compositional (e.g. neighborhood and municipal characteristics) 

factors and individuals’ votes for a certain party or person. For instance, geographical 

analyses have found evidence for high levels of right-wing radical populist parties 
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(RRPP) support in areas outside, yet close to, urban environments in France (Fourquet 

2012), Belgium (de Maesschalck 2011) and the Netherlands (van Gent and Musterd 

2013). In another study, O'Loughlin (2002) used spatial autocorrelation and variography 

techniques to investigate the support for the Nazi party by Protestant voters. Using both 

the 2000 and 2004 US presidential elections results, Morrill et al (2007) evaluated the 

validity and consistency of the conventional wisdom for an electoral divide along two 

dimensions – a nonmetropolitan Red and a larger metropolitan Blue, and a traditionalist 

Red and a more modern Blue. In another study, van Gent et al (2014) combined survey 

analysis and geocoded polling station data to explore the effect of neighborhood and 

municipal density (urban–suburban) on RRPP support in the Netherlands during the 2010 

parliamentary elections. Unlike the studies above, we present a methodology to examine 

the effect of socio-economic-religious indicators and personality traits scores on the 

political opinion extremism at the state-level within the contiguous US. 

5.3. Method 

5.3.1. Data 
American National Election Study Time Series Dataset 

We use survey data taken from 2012 American National Election Study (ANES), 

conducted by the University of Michigan and Stanford University (N = 5,914 of which 

2,054 were face-to-face and 3,860 were online). As with all ANES Time Series studies, 

respondents were interviewed during the two months preceding the 2012 November US 

elections (Pre-election interview), and then re-interviewed during the two months 

following the election (Post-election interview). From this data, we chose those ANES 

opinion measures which were obtained before the election because we would argue that 
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before the election people are more concerned about politics. In particular, we chose the 

respondents’ self-replacement on a seven point scale of government services and 

spending, defense spending, and the 2010 healthcare law. Moreover, we use the ANES 

seven point scale of self-placement of ideology (liberal vs. conservative) to better capture 

the big picture of political opinion extremism. 

Personality Measures 

We use the state-level personality data collected by Rentfrow et al (2008) to 

investigate the relationship between personality traits and political opinion extremism. 

Rentfrow et al (2008) examined personality data of over half a million US residents and 

reported the mean personality estimates of the five major personality traits for each state. 

The Big Five Inventory (BFI, John and Srivastava 1999) is used to assess personality. It 

consists of 44 short statements designed to assess the prototypical traits defining each of 

the FFM dimensions. Rentfrow et al (2008) asked volunteers to answer a series of 

questions pertaining to variety of personality measures along with demographic and state 

of residence on a noncommercial, advertisement-free website between December 1999 

and January 2005. After eliminating repeat responders and duplicate entries, they reached 

612,140 respondents with the range of 1,536 to 71,873 and average of m = 12,493 for 

each state. Rentfrow et al (2008) provided the personality measures scores for all 50 

states and the District of Columbia. However, we exclude Alaska and Hawaii and restrict 

our analysis for the 48 contiguous states and the District of Columbia. 
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Socio-Economic and Religion Indicators 

To determine whether political opinion extremism at the state-level is associated 

with specific socio-economic indicators, we gathered data from the U.S. Census Bureau 

(2012) and developed 8 social indicator indices. In particular, we obtained statistics for 

mean household income (inflation-adjusted dollars), the percentage of families and 

people whose income in the past 12 months is below the poverty level (all families), the 

percentage of the population made up of those with at least a high school education, the 

percentage of civilian unemployed labor force, the percentage of individuals with no 

health insurance coverage, the percentage of individuals with private health insurance 

coverage, the percentage of individuals with public health insurance coverage, and state 

population. Moreover, we obtained state-level religiosity data from the Association of 

Religion Data Archives (2013). Similar to Rentfrow et al (2013), we chose the rates of 

adherents to mainline Protestant religions per 1,000 residents in 2010 as the religion 

indicator. 

5.3.2. Dependent Variables 
The overall extremity of respondents’ opinion toward political subjects served as 

the dependent variable in this study. For the ANES Time Series data, we define 

individuals as extremists if they have placed themselves on either 1 or 7. While in case of 

political ideology (liberal vs. conservative), 1 means extremely liberal and 7 indicates 

extremely conservative, for the other three opinion measures, 1 means having strongly 

favorable attitude and 7 shows the strongly opposing attitude. Based on these definitions, 

we test for correlation between contextual variables and political opinion extremism in 

general, and with liberal/favorable or conservative/opposing attitudes in particular. The 
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extremism ratio for each state is defined as the number of people holding extreme 

opinions in each state divided by the total number of respondents in that state. 

5.3.3. Analysis 
In order to quantitatively test the relationship between the independent (i.e. 

personality measures and socio-economic indicators) and the dependent (i.e. the ratios of 

political opinion extremism) variables, we follow the ordinary least squares method 

(OLS:  y = a + bX + e) and carry out multiple regression analysis on the variables using 

the SPSS software. Then, to examine whether the extremism ratio in one state is 

associated to the extremism ratio in its neighboring states, we use the Moran’s I index. 

Spatial autocorrelation is the most fundamental concept in geography. As the First Law 

of Geography states, “everything is related to everything else but near things are more 

related than distant things (Tobler 1970, p. 236)”. The Moran’s I index provides a formal 

method for identifying and evaluating spatial autocorrelation (Anselin 1995). As a global 

statistic, Moran’s I indicates not only the existence of spatial autocorrelation but also the 

degree of spatial autocorrelation (O’Sullivan and Unwin 2003). 

The presence of spatial autocorrelation within a dataset has several implications for 

the parameter estimates from the OLS regression. When the value of a dependent variable 

in a given location is associated with spatially proximate values for the dependent 

variable or independent variables, it is called “spatial structure” in the data (Shin and 

Agnew 2011). In the presence of spatial structure, parameter estimates will be biased and 

inefficient. A biased estimate is one that is either too high or too low as an estimate of the 

unknown true value. If the error term from a regression is contaminated with spatial 
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autocorrelation, parameter estimates will be inefficient. Subsequently, this can lead to 

incorrect inferences because possibly significant parameter estimates will not be 

evaluated as such (Shin and Agnew 2011).  

Thus, if we find spatial autocorrelation between any measures of opinion extremism at 

the state-level, we should use a statistical technique that takes the spatial proximity of 

features into account. In doing so, we will utilize geographically weighted regression 

(GWR, see Brundson et al 1996; Fotheringham et al 2002) model for cases that show 

statistically significant spatial autocorrelation in dependent variables. GWR is generally 

concerned with estimating parameters anywhere across a geo-referenced dataset. Unlike 

the OLS regression that returns a single universal parameter estimate between each 

correlate, GWR returns a set of estimates and standard errors for each geographical 

region (i.e. county, state, province, etc.). 

5.4. Results 

5.4.1. The Effect of Personality Traits 
Previous studies examining personality variations at the state-level within the US 

have shown that there is a correlation to a variety of regional indicators. More 

specifically, the state-level personality mean scores provided by Rentfrow et al (2008) 

have shown to be associated with political values (Rentfrow, Jost, Gosling, & Potter, 

2009), social capital (Rentfrow, 2010), health and morbidity (McCann 2011; Pesta, 

Bertsch, Mc- Daniel, Mahoney, & Poznanski, 2012), income inequality (de Vries, 

Gosling, & Potter, 2011), psychological well-being (Pesta, McDaniel, & Bertsch, 2010; 

Rentfrow, Mellander, & Florida, 2009), creative capital (Florida, 2008), entrepreneurship 
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rates (Obschonka, Schmitt-Rodermund, Silbereisen, Gosling, & Potter, 2013), and 

regional stereotypes (Rogers & Wood, 2010). In this chapter, we build on this realm of 

research and explore the relationship between state-level political opinion extremism and 

personality mean scores. 

To gain a sense of how opinion extremism ratios are geographically distributed, we 

mapped the extremism ratio of extremely favorable and extremely opposing (i.e. a score 

of 1 and 7 on a seven point scale respectively) scored respondents obtained from ANES 

dataset for each state in Figure 27 using quintile intervals. The spatial variation of 

opinion extremism ratio among the states is explicit for all four political issues. The map 

of all extremists (i.e. extremely low and high combined) is not reported here for brevity, 

but it shows the similar geographic variation across the states. In order to examine the 

state-level correlates of political opinion extremism, we conduct multiple regression 

analysis using the OLS method between the extremism ratio and personality means for 

each state. Therefore, all correlations should be interpreted at the state-level, not at the 

individual-level. Such aggregate correlations are referred to as ‘‘alerting’’ correlations 

(Rosnow et al 2000) because they alert researchers to general regional trends that might 

otherwise be overlooked in individual-level analysis. 
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Figure 26: Choropleth maps of the ratio of political opinion extremism in US (a) Liberal or Conservative (b) 

2010 Health Care Law (c) Government Services and Spending (d) Defense Spending. 
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state). The results indicate that none of the personality traits have statistically significant 
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significantly negatively correlated with extremely favorable opinions (p < 0.05), and 

openness to experience (p < 0.01) and neuroticism (p < 0.05) to be significantly 

positively correlated with having extremely opposing opinions. With respect to 

government services and spending, while conscientiousness (p < 0.05) and openness (p < 

0.01) are statistically significant negative correlates of opposing extremists and total 

extremists, none of the personality traits have significant correlation with the favorable 

extremism ratio. Finally, pertaining to defense spending, only openness to experience was 

found to be a statistically significant factor to predict the favorable extremism ratio (p < 

0.05), and opposing and total extremism ratios cannot be predicted by the big five 

personality measures at the state-level. 

 

 
Table 15: OLS Estimates for the Association between the ANES Extremism Ratios and Personality Traits 

  
Ideological Extremism 

2010 Health Care Law 

Support 

Government Services and 

Spending 
Defense Spending 

Liberal Cons. Total Favor Oppose Total Favor Oppose Total Favor Oppose Total 

E 

B -0.00007 -0.00003 -0.00010 -0.0030 0.001 -0.002 0.00000 0.0000 0.0000 -0.00002 0.00000 0.00000 

Std. Err. 0 0 0.001 0.001 0.001 0.001 0.001 0 0.001 0 0.001 0.001 

Sig. 0.86 0.93 0.86 0.02* 0.2 0.09 0.6 0.35 0.8 0.9 0.4 0.44 

A 

B -0.001 0 0 0 0 0 0 0.001 0 0 0.001 0.001 

Std. Err. 0 0 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0 0.001 0.001 

Sig. 0.58 0.34 0.48 0.82 0.9 0.7 0.7 0.37 0.7 0.3 0.09 0.38 

C 

B 0.001 -0.001 -0.00007 0.001 0.001 0.002 -0.00006 -0.001 -0.001 0.001 -0.001 0.00004 

Std. Err. 0 0 0.001 0.002 0.001 0.001 0.001 0.001 0.001 0 0.001 0.001 

Sig. 0.14 0.07 0.92 0.48 0.3 0.07 0.9 0.035* 0.046* 0.054 0.18 0.95 

N 

B -0.00001 0 0 -0.001 0.002 0.002 0.001 -0.001 0 0.00009 0.001 0.001 

Std. Err. 0 0 0.001 0.001 0.001 0.001 0.001 0 0.001 0 0.001 0.001 

Sig. 0.97 0.47 0.65 0.54 0.018* 0.1 0.35 0.19 0.8 0.8 0.17 0.15 

O 

B -0.001 -0.00003 -0.001 -0.003 0.004 0.001 0 -0.002 -0.001 -0.001 0.001 0.00000 

Std. Err. 0 0 0.001 0.001 0.001 0.001 0.001 0 0.001 0 0.001 0.001 

Sig. 0.1 0.9 0.26 0.03* 0.001** 0.5 0.45 0.003** 0.04* 0.026* 0.1 0.99 

R 0.35 0.28 0.2 0.45 0.54 0.41 0.23 0.52 0.43 0.47 0.4 0.3 

R2 0.12 0.08 0.08 0.18 0.3 0.17 0.05 0.27 0.19 0.22 0.16 0.09 

**. Correlation is significant at the 0.01 level 

*. Correlation is significant at the 0.05 level 



120 

 

OLS regression approaches results in a single universal model that applies to all 

geographic regions. But this might not be the best modeling approach if there is a spatial 

autocorrelation between the values of extremism ratios across the states. Hence, we 

perform spatial autocorrelation analysis by computing the Moran’s I index for all political 

opinion extremism measures and report the results in Table 15. All spatial statistics 

analyses were carried out with ArcGIS 10.1. Given the p-values, except for the extremely 

conservative attitude and extremely opposing opinion on defense spending, the pattern 

does not appear to be significantly different from random for other measures of 

extremism in the ANES dataset. 

 

Table 16: Spatial Autocorrelation Analysis on the Opinion Extremism Measures 

 Extremely Favorable Extremely Opposing Total 
Moran’s I p-value Pattern Moran’s I p-value Pattern Moran’s I p-value Pattern 

Ideology -0.06 0.6 Random 0.17 0.023 Clustered 0.19 0.62 Random 

Health Care Support 0.03 0.48 Random 0.11 0.1 Random -0.07 0.52 Random 

Government  Spending 0.01 0.64 Random 0.01 0.66 Random -0.005 0.85 Random 

Defense Spending 0.02 0.59 Random 0.15 0.04 Clustered 0.03 0.54 Random 

 

We use GWR to compute specific local regression coefficients for each 

personality trait for each state. We can narrow down our analysis to those personality 

traits that have been identified as statistically significant correlates of political opinion 

extremism. However, since the OLS regression did not obtain any statistically significant 

coefficients, we include all of the big five personality means in our GWR analyses. This 

way, we will be able to compare the efficiency of OLS and GWR in predicting the 

opinion extremism ratios according to the R-squared goodness of fit measure.   
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Figure 28 shows maps of the local coefficients of the big five personality traits 

and standardized residuals obtained from GWR using five quintile intervals. In general, 

we can see that the maps in Figure 2 clearly depict the spatial structure in the data and the 

spatial heterogeneity of the correlates of state-level conservative ideology extremism. 

More specifically, the results indicate that as we move from west to east, the effect of 

extraversion decreases while the effect of the agreeableness and neuroticism increases. 

As for the conscientiousness, the local coefficients increase from west to east, but again 

decrease in northeastern states. 

 

Extraversion Agreeableness 

  
Conscientiousness Neuroticism 

  
Openness Standardized Residuals 

  
Figure 27: GWR Estimates Maps for the Association between Conservative Extremism Obtained from ANES 

dataset and the Personality Traits 

 

-0.0004 - -0.0002

-0.0001 - 0.0000

0.0001 - 0.0003

0.0004 - 0.0010

0.0011 - 0.0018

-0.0011 - -0.0005

-0.0004 - 0.0005

0.0006 - 0.0008

0.0009 - 0.0010

0.0011

-0.0019 - -0.0011

-0.0010 - -0.0008

-0.0007

-0.0006

-0.0005 - -0.0004

-0.0012 - -0.0009

-0.0008 - -0.0004

-0.0003 - 0.0002

0.0003 - 0.0009

0.0010 - 0.0013

-0.0004 - -0.0001

0.0000 - 0.0001

0.0002 - 0.0003

0.0004

0.0005 - 0.0007

-1.54 - -0.66

-0.65 - -0.33

-0.32 - 0.23

0.24 - 0.88

0.89 - 3.02



122 

 

While the OLS obtains only one universal relationship between variables, GWR 

results show that the relationship can be both negative and positive in different states. For 

example, based on the OLS results in Table 15, the relationship between extreme 

conservative ideology and extraversion is negative (β = -0.00003). But the local GWR 

estimates vary in the range of -0.0004 in the New England states to that of 0.018 in 

western states such as California. Finally, the R-squared goodness of fit measure for OLS 

model of extreme conservatism is 0.08 indicating that the model explains very small 

portions of the total variations.  

 

Extraversion Agreeableness 

  
Conscientiousness Neuroticism 
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Figure 28: GWR Estimates Map for the Association between Defense Spending Opinion and Personality Traits 
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The GWR estimates maps for the association between big five personality traits 

and having extreme opposing opinions against defense spending in shown in Figure 29. 

Similar to the previous case, the spatial heterogeneity of the regression coefficients across 

the states is obvious which indicates the existence of spatial structure among the 

variables. The spatial pattern of variation is similar for openness, conscientiousness, and 

extraversion which increases from the east to the west. In other words, the strength of the 

effect of these three personality traits strengthens as we move from eastern to western 

states. Moreover, the direction of the relationship changes from positive to negative in the 

northeastern states. With respect to agreeableness and neuroticism, the pattern is 

opposite. That is, eastern states have greater GWR local estimates compared to western 

states. Based on the standardized residuals map we can roughly conclude that having 

extreme opposing opinions about defense spending is under-estimated in southern states 

and over-estimated in northern states. Regarding the comparison between the GWR and 

OLS models, we can see in Table 14 that the R-squared goodness of fit measure is 0.16 

which is low. However, the obtained R-squared for the GWR model is 0.41 which 

indicates a better prediction performance. 

5.4.2. The Effect of Socio-Economic and Religious Factors 
Table 16 shows the OLS regression estimates for the relationship between the 

extremism ratio and socio-economic-religious indicators at the state-level within US. We 

can see that while none of the variables are a significant predictor of liberal extremism, 

the poverty indicator is statistically significant correlate of the conservative extremism 

and total extremism (p ≤ 0.01). Mean income and education estimates are significant 
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predictors of the total extremism as well (p < 0.05). With respect to extremely opposing 

opinions against government services and spending, mean income and poverty indicators’ 

estimates are significant at the one percent level and for education at the five percent 

level. However, none of the estimates are statistically significant for having extremely 

favorable opinions and total extremists. Finally, poverty and having public health 

insurance seem to be significant correlates for having extremely opposing and favorable 

attitudes about defense spending respectively. Overall, the results show that the variation 

in the state-level opinion extremism measures can be more explained by socio-economic 

indicators than by personality traits.  

   
Table 17: OLS Estimates for the Association between the Extremism Ratios from ANES and Socio-Economic 

Indicators 

  
Ideological Extremism 

2010 Health Care Law 

Support 

Government Services & 

Spending 
Defense Spending 

Liberal Cons. Total Favor Oppose Total Favor Oppose Total Favor Oppose Total 

Mean 

Income 

B 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

Std. Err. 0 0 0 0 0 0 0 0 0 0 0 0 

Sig. 0.057 0.2 0.03* 0.001** 0.02* 0.16 0.21 0.000** 0.07 0.13 0.08 0.005** 

Poverty 

B 0.004 0.015 0.02 0.03 -0.01 0.02 -0.004 0.014 0.009 -0.002 0.015 0.013 

Std. Err. 0.004 0.003 0.005 0.011 0.011 0.012 0.006 0.005 0.006 0.004 0.006 0.006 

Sig. 0.25 0.000** 0.000** 0.011* 0.33 0.1 0.48 0.009** 0.13 0.67 0.009** 0.02* 

Population 

B -0.0070 0.0070 0.0000 -0.0350 -0.0500 -0.0850 -0.0200 -0.0010 -0.0200 -0.0030 -0.0100 -0.0140 

Std. Err. 0.013 0.009 0.016 0.036 0.035 0.038 0.02 0.016 0.02 0.015 0.018 0.02 

Sig. 0.56 0.46 0.98 0.34 0.16 0.03* 0.28 0.93 0.24 0.82 0.57 0.47 

Education 

B 0.004 0.004 0.008 0.009 -0.002 0.007 -0.006 0.008 0.002 0.003 0.006 0.009 

Std. Err. 0.003 0.002 0.004 0.008 0.008 0.008 0.004 0.004 0.004 0.003 0.004 0.004 

Sig. 0.2 0.054 0.037* 0.29 0.82 0.4 0.21 0.04* 0.67 0.32 0.14 0.03* 

Unemploy

ment 

B 0.004 -0.005 -0.001 0.027 -0.008 0.02 0.005 0.000 0.005 0 -0.014 -0.013 

Std. Err. 0.006 0.004 0.007 0.016 0.016 0.017 0.009 0.007 0.009 0.007 0.008 0.008 

Sig. 0.45 0.2 0.87 0.11 0.6 0.28 0.55 0.97 0.57 0.97 0.11 0.12 

No Health 

Insurance 

B 0.001 -0.003 -0.002 -0.001 0.003 0.002 0.001 0.003 0.004 0.003 0.004 0.006 

Std. Err. 0.002 0.002 0.003 0.006 0.006 0.007 0.003 0.003 0.003 0.003 0.003 0.003 

Sig. 0.6 0.1 0.6 0.84 0.63 0.8 0.88 0.28 0.3 0.29 0.27 0.06 

Public 

Insurance 

B 0.003 -0.002 0.001 0.004 -0.006 -0.002 -0.004 0.004 0 0.005 -0.003 0.0002 

Std. Err. 0.002 0.001 0.002 0.005 0.005 0.005 0.003 0.002 0.003 0.002 0.003 0.002 

Sig. 0.056 0.1 0.59 0.45 0.24 0.7 0.15 0.09 0.95 0.03* 0.3 0.4 

Mainline 

Protestant 

Rate 

B 0.0001 0.0000 0.0000 0.0010 0.0000 0.0010 0.0000 0.0001 0.0000 0.0000 -0.0001 0.0000 

Std. Err. 0 0 0 0 0 0 0 0 0 0 0 0 

Sig. 0.6 0.2 0.75 0.03* 0.7 0.07 0.35 0.7 0.2 0.7 0.65 0.45 

R 0.52 0.68 0.65 0.72 0.61 0.52 0.48 0.65 0.49 0.45 0.56 0.56 

R Square 0.27 0.46 0.42 0.51 0.37 0.27 0.18 0.42 0.24 0.2 0.31 0.32 

**. Correlation is significant at the 0.01 level 

*. Correlation is significant at the 0.05 level 
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We mapped the GWR estimates for the relationship between extremely 

conservative ideology and poverty in Figure 30. We chose only poverty as an 

independent variable as it was the only variable with a statistically significant estimate in 

the OLS results as shown in Table 16. From the poverty map in Figure 30 we can see that 

the poverty estimates gradually decreases from east to west with northeastern states 

having the largest estimates. However, the standardized residuals map reveals that the 

coefficients are mostly over-estimated in northeastern states except for the Massachusetts 

in which the regression coefficients are under-estimated.  

 

 

Poverty Standardized Residuals 

  
Figure 29: GWR Estimates Maps for the Association between Extreme Conservatism and Poverty 
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Figure 30: GWR Estimates Maps for the Association between Extreme Opposing Opinions against Defense 

Spending and Poverty 
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The GWR estimates and standardized residuals for the relationship between 

extremely opposing opinions against defense spending and the poverty are mapped in 

Figure 31. Similar to case of extremely conservative ideology, the regression coefficients 

gradually decrease from east to west with northeastern states having the largest estimates 

among them all. Since all coefficient estimates are positive, and the standardized 

residuals map does not exhibit any spatial pattern, one can conclude that poverty has 

more effect on extremely opposing attitudes about defense spending in eastern states 

compared to western states. 

5.5. Discussion 
Political opinion extremism and its roots and consequences remain an interesting 

topic for both researchers and policy makers. While many studies have attempted to 

unravel the underlying factors and processes of political opinion extremism, we found 

two methodological shortcomings in the current state-of-the-art of the political opinion 

extremism studies. First, the literature fails to bring insights at a regional level of 

analysis. We would argue that without an empirical analysis of the correlates of the 

political opinion extremism at a geographical scale, the true relationship between political 

opinion extremism and other external factors cannot be fully understood. Secondly, as we 

discussed above, the traditional OLS regression approach fails to consider the spatial 

autocorrelation across variables (i.e. having a spatial structure in data) and furthermore it 

fails to provide specific local parameter estimates for each geographical context.  

In this chapter, we address the first problem by gathering appropriate state-level data 

on political opinion extremism, personality traits, socio-economic factors, and religious 
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indicator from various sources. We tackle the second problem by using the geographically 

weighted regression method to provide state-specific estimates of the correlates of the 

political opinion extremism. It should be noted that this approach differs from conducting 

separated OLS regression for each state as the GWR method considers the effect of 

neighboring states as well.     

The baseline OLS regression results revealed that the openness to experience 

appears to be a statistically significant predictor of most political opinion extremism 

ratios (i.e. favorable, opposing, or overall) across the three measured issues in this study. 

Extraversion and neuroticism are only associated with extremely favorable and opposing 

attitudes about the 2010 health care law at five percent significance level respectively. 

Finally, conscientiousness correlates with opinions regarding government services and 

spending.  

On the other hand, our OLS estimates for the association between the socio-

economic-religious indicators and political opinion extremism show that poverty is 

statistically significant predictor of political opinion extremism for most of the issues 

studied within this chapter. Mean income and education are also correlated with 

extremism on some issues. With respect to the religion, the studied religious indicator 

was only associated positively with having extreme support for the 2010 health care law. 

However, the main takeaways here is that according to the R-squared goodness of fit, 

most of the variations in the extremism ratios at the US state-level can be explained by 

socio-economic indicators rather than personality traits or the religious indicator. 
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Pertaining to the direction of the relationship between opinion extremism measures 

and the studied predictors, the results showed that out of the 20 pairs of personality trait-

favorable/opposing combinations in our ANES dataset (e.g. extraversion with opposing 

and favorable opinion about the 2010 health care law), for half of the predictors, 

associations were consistently found for extreme support and opposition: i.e. neuroticism 

was negatively associated with having an extremely favorable opinion of Obamacare, and 

it also has a positive association with being extremely against Obamacare. With respect 

to the effect of socio-economic-religious indicators, 16 out of 32 pairs in ANES showed 

opposite direction between extreme favorable and opposing opinions. Moreover, from the 

predictors point of view, public health insurance, poverty, openness to experience, and 

conscientiousness always showed opposite effect between extremely favorable and 

opposing opinions across the three issues selected from the ANES dataset. However, 

mean income, education, and agreeableness always showed positive effect on the same 

opinion measures. In general, therefore, it is safe to state that our results do not support 

the traditional connection between negative personality traits and conservatism, and 

positive personality traits and liberalism, at least at the state-level.     

The spatial analysis of the political opinion extremism ratios revealed the existence 

of spatial clustering patterns in four opinion/attitude measures: extremely conservative 

ideology and extremely opposing opinions against the defense spending obtained from 

the ANES dataset. This finding has important methodological consequences and also 

provides important insights about which places may merit further exploration and 

explanation. We used geographically weighted regression method on these two issues and 
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provided specific regression estimates for each state. The obtained GWR estimates 

demonstrated a fascinating pattern for most of the correlates. For instance, we found that 

the strength of the effect of openness, conscientiousness, and extraversion on political 

opinion extremism increases as we move from eastern to western states. A similar pattern 

was obtained for the association between poverty and the two above mentioned attitude 

measures.  

Though the territorial dimensions to American politics are well recognized, the 

spatial analytic techniques presented above serve to complement and extend such 

explanations for the studying of the political geography within the United States. Such 

methods could potentially be used to inform strategies for pre- and post-election surveys 

and interviews. More specifically, statistically significant global variables that exhibit 

little regional variation inform nationwide policies. However, those variables that show 

statistical significance globally but exhibit strong regional variation inform local policy. 

Moreover, some variables may not be recognized as globally significant because in some 

regions, they are positively associated, and in others are negatively associated. It should 

also be mentioned that the ANES dataset should be used with caution regarding the 

oversampling issue for some states. Finally, our analysis should be tested in future works 

regarding the modifiable aerial unit problem which happens when point-based measures 

of a spatial phenomenon is aggregated into a regional area. In general, our results 

encourage the use of spatial statistics techniques in research domains that involve 

geography and spatial variations. 
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CHAPTER SIX: WELL-BEING AND PERSONALITY OF IDEOLOGICAL 

EXTREMISTS IN U.S.5 

Most of focus in radicalization studies have been placed on the violent extremists 

and non-violent extremists are almost neglected. In this chapter, we introduce a novel 

data, obtained from social media, to study the psychological and personality attributes of 

ideological extremists in the United States. After identifying the extremists on the social 

media, we collect all publicly available data of them. Then using a pre-defined lexicon, 

we measure the psychological well-being and ill-being of individuals. We compare the 

psychological states of the extremists with non-extremist but interested individuals as 

well as with a normal set of users. The results show that extremists are psychologically 

different from both reference groups, but not personality wise.   

6.1. Introduction 
Existing research on extremism were conducted on either social science students 

(e.g. Jost et al 2007) or questionnaires/interviews of random individuals (e.g. Kruglanski 

et al 2012; van Prooijen et al 2015). Extremity in these studies is identified by 

individuals’ self-placement of being highly liberal/conservative or very left-/right-wing. 

There are also studies that have focused on a targeted population in which respondents 

were interviewed (Canetti-Nisim et al 2009; Atran & Ginges 2012). The sample size in 

                                                 
5 Meysam Alizadeh, Ingmar Weber, Claudio Cioffi-Revilla, & Michael Macy. “Well-Being and 

Personality Characteristics of US Domestic Ideological Extremists”. In Preparation. 
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all these cases varies between a few hundreds to a few thousands. In this chapter, we 

introduce a novel dataset for studying the psychological and personality profile of 

domestic ideological extremists in the US.  

We use the PERMA model (Seligman 2012) to measure the psychological 

functioning of individuals. With respect to the personality traits, we use the Five Factor 

Model, as it is the most comprehensive and reliable set of personality concepts (Costa 

and McCrae 2008). 

6.2. Methodology 

6.2.1. Defining Left- and Right-Wing Extremism 
Many definitions have been proposed for Left-Wing Extremists (LWE) and 

Right-Wing Extremists (RWE). Here, we used the definition provided by the Department 

of Homeland Security (DHS). That is, LWE is “A movement of groups or individuals 

that embraces anti-capitalist, Communist, or Socialist doctrines and seeks to bring about 

change through violent revolution rather than through established political processes. The 

term also refers to leftwing, single-issue extremist movements that are dedicated to 

causes such as environmentalism, opposition to war, and the rights of animals” (DHS 

2009). On the other hand, RWE is “A movement of rightwing groups or individuals who 

can be broadly divided into those who are primarily hate-oriented, and those who are 

mainly antigovernment and reject federal authority in favor of state or local authority. 

This term also may refer to rightwing extremist movements that are dedicated to a single 

issue, such as opposition to abortion or immigration.” (DHS 2009). 
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Table 18: List of the Left/Right Ideological Extremists Groups in the US 

Left Wing Extremists Groups Right Wing Extremists Groups 

Anarchist Extremism Anti-Abortion Extremism 

Animal Rights Extremism Anti-Immigration Extremism 

Environmental Extremism Anti-LGBT Extremism 

Socialist/Communist Anti-Muslim Extremism 

 Black Separatist 

 Christian Identity 

 General Hate 

 Holocaust Denial Extremism 

 Neo-Nazis 

 Patriot Movements 

 Skinheads 

 White Nationalist 

 

6.2.2. Identifying Extremists 
We identify ideological extremists by crawling out from LWE and RWE 

organizations and influential individuals in the US who have active Twitter accounts 

(Table 18). Categories are based on the U.S. DHS “Domestic Extremism Lexicon” (DHS 

2009). But this lexicon did not categorize the extremists groups into the left/right wing 

divisions. Another organization that provides a list and profiles of the extremists in the 

US is the Southern Poverty Law Center (SPLC) which has a database of the U.S. 

extremist individuals and groups based on their ideology without categorizing them to 

left/right extremists. Here we combine the categories defined by the DHS and SPLC and 

categorize them into the broader left/right wing extremists based on the definitions 

provided by the DHS and publicly available sources such as Wikipedia. 
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Table 19: List of Left-Wing Extremist Groups in US 

No. Group Category 

1 Democratic Socialists of America Socialist/Anti-Capitalism 

2 Boston Socialism Socialist 

3 Communist Party USA Socialist 

4 CrimethInc. Anarchist 

5 Deep Green Resistance Radical Environmentalist/Feminist 

6 Freedom Socialist Party Socialist 

7 International Action Center Socialist 

8 Kshama Sawant Socialist 

9 Liberty Union Party Socialist/Anti-war 

10 News and letters Committees Communist 

11 North American Animal Liberation Press Office Radical environmentalist 

12 NYC ISO Socialist 

13 Party for Socialism and Liberation Socialist 

14 Peace and Freedom Party Socialist/Feminist 

15 Progressive Labor Party Socialist 

16 Radical Women Socialist-Feminist 

17 Socialist Action Socialist 

18 Socialist Alternative Socialist 

19 Socialist Equality Party Socialist 

20 Socialist Party USA Socialist 

21 Socialist Worker Socialist 

22 UMass Boston ISO Socialist 

23 Workers World Party Communist 

 

Next we look for the name of the active extremist groups under LWE and RWE 

categories. Fortunately, Southern Poverty Law Center (SPLC) collects and maintains a 

list of all active hate groups in US, which by the Department of Homeland Security’s 

definition, all of them fit into our RWE category (SPLC 2015). With respect to LWE 

organizations, however, our search to find an accredited institution that has collected the 

names of the associated groups was not successful. Therefore, we rely on Wikipedia 

pages to identify the names of the socialist, communist, radical environmentalist, and 

anarchist groups. We exclude those groups with a history of violent activities in the US. 

Overall, our final list contains 23 LWE, 48 RWE, 2 violent LWE, and 1 violent RWE 

groups (Table 19-20). 
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Table 20: List of Right-Wing Extremist Groups in the US 

No. Group Name Ideological Type 

1 American Family Association Anti-LGBT 

2 American Freedom Defense Initiative Anti-muslim 

3 American Life League Anti-abortion 

4 American Nazi Party Neo-Nazi 

5 American Renaissance White nationalist 

6 American Vision Anti-LGBT 

7 Americans for Truth About Homosexuality Anti-LGBT 

8 Americans United for Life Anti-abortion 

9 Aryan Brotherhood Neo-Nazi 

10 Bryan Fischer Anti-LGBT 

11 Chalcedon Foundation Anti-LGBT 

12 Christian Action Network Anti-muslim 

13 Chuck Buldwin Patriot Movement 

14 Constitution Party American nationalism  

15 David Barton Anti-LGBT 

16 David Irving Holocaust Denial 

17 Dove World Outreach Center Anti-LGBT 

18 Faith Freedom International Anti-muslim 

19 Faithful Word Baptist Church Anti-LGBT 

20 Family Research Council Anti-LGBT 

21 Federation for American Immigration Reform Anti-immigrant 

22 Frank Gaffney Anti-muslim 

23 Illinois Family Institute Anti-LGBT 

24 John "Molotov" Mitchell Anti-LGBT 

25 Joseph Farah Patriot Movement 

26 Lou Engle Anti-LGBT 

27 Michael Hill Neo-Confederate 

28 National Policy Institute White nationalist 

29 National Right to Life Committee Anti-abortion 

30 National Socialist Movement Neo-Nazi 

31 Nationalist Movement White nationalist 

32 New Black Panther Party Black separatist 

33 Public Advocate of the United States Anti-LGBT 

34 Robert Spencer Anti-muslim 

35 SaveCalifornia.com Anti-LGBT 

36 Tea Party Nation General Hate 

37 The Political Cesspool White nationalist 

38 The Remnant/The Remnant Press Radical traditional Catholicism 

39 Tony Alamo Christian Ministries General Hate 

40 Tony Perkins Anti-LGBT 

41 Traditional Values Coalition Anti-LGBT 

42 United Families International Anti-LGBT 

43 VDARE Foundation White nationalist 

44 Washington Summit Publishers White nationalist   

45 Westboro Baptist Church Anti-LGBT 

46 WND news Patriot Movement 

47 World Congress of Families Anti-LGBT 
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We identified extremist accounts that follow prominent extremist organizations 

and influential spokespersons. Our data collection process begins with finding the user 

IDs and profile information of the followers of our list of the ideological extremists 

groups. We only keep those IDs that their language is English, are from US, have 

between 10 and 1000 number of followers, and are not verified. We impose the number 

of followers and “not verified” constraints to exclude possible journalists, researchers, 

groups and organizations, and any other popular accounts, as we only look for individual 

followers. This step yielded total of 355,185 unique users as shown in Table 21. The pre-

processing step resulted in 27,927 left- and 149,693 right-wing unique followers, in 

which 939 unique IDs are following at least one LWE and RWE groups. We exclude 

these users from our study since their ideological orientation is not clear. We use support 

vector machine to classify these extremist accounts to individuals and organizations 

(Table 20). We use retweets and mentions to measure the activity level of each individual 

account. 

 

Table 21: Data Summary 

Categories Left Right Total 

Violent 3,956 58 4,014 

Active 3,938 29,484 33,422 

Non-Active 12,643 83,159 95,802 

Protected 2,507 18,298 20,805 

Total Unique Individual Followers 23,044 130,999 154,043 

Organizations 3,549 15,247 18,796 

Inaccessible 395 2,508 2,903 

User following both left and right 939 939 939 

Total Followers after Preprocessing with Unique IDs 27,927 149,693 177,620 

Total Followers after Preprocessing 37,883 224,393 262,276 

Total Followers with Unique IDs 69,583 285,602 355,185 

Total Followers 90,286 398,964 489,250 
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6.2.3. Identifying Violent Extremist Groups 
The National Consortium for the Study of Terrorism and Responses to Terrorism 

(START) has developed the Profiles of Perpetrators of Terrorism in the United States 

(PPT-US) database (Miller and Smarick 2013). PPT-US includes detailed information on 

the more than 140 organizations that have engaged in terrorist attacks in the US soil 

between 1970 and 2012. This resulted in labeling the Aryan Nation and Ku Klux Klan as 

violent RWE, and Animal Liberation Front and Earth First! as the violent LWE. 

6.2.4. Reference and General Groups Data 
We use the votesmart.org website to identify the non-extremist interested groups. 

For other ideologies listed in Table 18, we could not find corresponding non-extremist 

groups. In case of radical animal right ideology, our list of groups does not include any 

non-violent extremist group and only contains violent extremist animal rights groups 

(Supplementary Information). Pertaining to the non-extremist ideological, we were able 

to find data for the anti-abortion, anti-immigrant, and environmentalists ideologies (Table 

21). Finally, we use “stratified sampling” and “followerwonk” app to randomly select 

113,891 unique Twitter IDs, in which 95,067 of them are individuals. 

 

Table 22: List of the Non-Extremist Interested Groups 

Name Ideology 

Democrats for the Life of America Anti-Abortion 

National Right to Life Committee Anti-Abortion 

Susan B Anthony List Anti-Abortion 

Americans for Legal Immigration Anti-Immigration 

Californians for Population Stabilization Anti-Immigration 

NumbersUSA Anti-Immigration 

Earth Policy Institute Environmentalist 

Environmental Working Group Environmentalist 

Natural Resources Defense Council Environmentalist 

Sierra Club Environmentalist 
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6.2.5. Inferring Personality Traits from Text 
We use the IBM Watson Personality Insights service (IBM 2015) to infer the 

personality traits from the linguistic analytics. IBM Watson Personality Insights service 

uses textual data to infer the big five personality traits. It uses Linguistics Inquiry and 

Word Count (Pennebaker et al 2001) category scores and their correlation coefficients 

with a survey-based personality scores (Yarkoni 2010). The reported accuracy of the 

service is 80.8 percent according to a study on 256 Twitter users (Hou et al 2014).   

6.2.6. Analysis 
We operationalized psychological functioning using the PERMA lexicon 

(Schwartz et al 2013) which contains positive and negative word lists for five 

psychological dimensions – accomplishment, engagement, meaningfulness, emotion, and 

social relationships. Positive words indicate psychological well-being along the five 

dimensions, e.g. “being able”, “excited to”, and “wisdom” for accomplishment, and 

“blessed day”, “home”, and “sweat” for positive emotion. Negative words indicate 

psychological ill-being, e.g. “sleep”, “facebook”, and “tired of” for negative engagement, 

and “me alone”, “fake”, and “control” for negative relationship. We use these positive 

and negative word lists to count the number of usages in each user’s Twitter timeline 

(max = 3,200) as a proportion of the user’s total word count (Eq. 9). A high proportion of 

positive (negative) usages across the five dimensions indicates positive (negative) 

psychological functioning (or “well-being” vs. “ill-being”.) 
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Equation 9 

Usage lexicon = 
∑ 𝑓𝑟𝑒𝑞(𝑤𝑜𝑟𝑑,𝑡𝑤𝑒𝑒𝑡𝑠)𝑤𝑜𝑟𝑑 ∈ 𝑙𝑒𝑥𝑖𝑐𝑜𝑛

𝑓𝑟𝑒𝑞(∗,𝑡𝑤𝑒𝑒𝑡𝑠)
 

 

 

 

Where freq(word, tweets) is frequency of a word in all tweets of a user, and freq(*, 

tweets) is the total word count in all tweets for that user. Next we normalize all lexicon 

usages separately (e.g. normalize usages for positive emotion) and then sum all positive 

usages (Eq. 10) and negative usages (Eq. 11) together and call them well-being index and 

ill-being index respectively. We will compare the psychological well-being and ill-being 

of extremists, non-extremists interested, and random individuals using these indexes.  

 

Equation 10 

well-being = ∑ 𝑁(𝑢𝑠𝑎𝑔𝑒𝑙𝑒𝑥𝑖𝑐𝑜𝑛)𝑙𝑒𝑥𝑖𝑐𝑜𝑛 ∈ 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑠  

Equation 11 

ill-being = ∑ 𝑁(𝑢𝑠𝑎𝑔𝑒𝑙𝑒𝑥𝑖𝑐𝑜𝑛)𝑙𝑒𝑥𝑖𝑐𝑜𝑛 ∈ 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑠  

 

6.3. Results 
The results show that on average LWE have higher well-being (t = 74.39, p = 0.0) 

and ill-being (t = 53.75, p = 0.0) compared to the random set of individuals (Figure 32a 

and 32b). LWE have also greater well-being (t = 78.65, p = 0.0) and ill-being (t = 45.75, 

p = 0.0) compared to RWE. The average well-being and ill-being among RWE is higher 

than the random users (t = -1.97, p = 0.048; and t = 22.95, p = 0.0 respectively). Overall, 

the results demonstrate that ideological extremists score higher in both well-being and ill-

being compared to a set of random people. Thus, it seems that extremists have extreme 

feelings or their mood range is bigger. 
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(a) (b) 

  
Figure 31: Psychological Attributes of Extremists on Social Media 

a, LWE and RWE have higher subjective psychological well-being compared to a 

set of random individuals. LWE shows much greater psychological well-being than 

RWE. b, LWE and RWE have higher subjective psychological ill-being compared 

to a set of random individuals. Similar to the case of psychological well-being, 

LWE exhibit higher level of ill-being that RWE. 

 

 

 

 

 

 

To accurately test this hypothesis, we calculate the range between well-being and 

ill-being of each person by adding the well- and ill-being indexes and take the average 

over each ideological categories and call it Psychological Instability Index (Figure 33). 

The results confirm that LWE have greater psychological instability compared to RWE (t 

= 88.48, p = 0.0) and random (t = 88.73, p = 0.0) people, and RWE exhibit higher 

psychological instability in comparison with random individuals (t = 11.98, p = 4.9 × 10-

33).  
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(a) (b) (c) 

   
Figure 32: Characterizing Psychological Instability of Extremists.  

a, LWE and RWE individuals show higher psychological instability compared to a set of random people, and LWE 

have higher psychological instability than RWE. b, Extremists can be categorized into different levels of activity with 

respect to the amount of online interaction they have with the extremist groups. Active-1 refers to those whose (RT ≥ 1) 

or (M ≥ 2) or (RT ≥ 1 & RT+M ≥ 2), where RT and M represent the number of times that an individual has retweeted 

and mentioned the extremist group(s) s/he is following respectively. Active-2 refers to those with (RT ≥ 10) or (M ≥ 

20) or (RT ≥ 5 & RT+M ≥ 20) and Active-3 demonstrate those with (RT ≥ 50) or (M ≥ 100) or (RT ≥ 25 & RT+M 

≥100). The rest is considered as Non-Active. c, When compared to a set of non-extremist interested individuals, 

extremists always show greater psychological instability (P < 0.001). Since the PERMA measures are all about the 

feeling toward different domains, higher psychological instability can be interpreted as having extreme feelings.  

 

The results show that as individuals get more active in interaction with extremist groups, 

their psychological instability index gets higher (Figure 33) which offers that they have 

more extreme feelings. Based on the ideologies of the extremists, we were able to collect 

data on three non-extremist interested ideologies including anti-abortion, anti-immigrant, 

and environmentalists. Our results show that while the non-extremist interested 

individuals have significant higher psychological instability than the set of random 

individuals, they exhibit lower instability compared to extremists across the three 

considered ideologies (P < 0.001, Figure 33). 

The results show that there is no difference between LWE and RWE with respect 

to the five personality traits (P < 0.05, Figure 34). This finding holds for different levels 

of activity as well. The results further reveal that LWE have lower agreeableness (t = -

24.41, p = 5.78×10-129), Conscientiousness (t = -16.06, p = 1.48×10-57), Neuroticism (t = -
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12.65, p = 1.5×10-36), and higher openness (t = 34.92, p = 4.17×10-258). RWE show 

exactly same pattern in which they have lower agreeableness (t = -42.82, p = 0.0), 

conscientiousness (t = -26.54, p = 3.18×10-154), neuroticism (t = -19.26, p = 2.4×10-82), 

and higher openness (t = 56.06, p = 0.0). No significant difference has been detected for 

the extraversion. However, the most interesting result here is that while there is a 

significant difference between non-extremist interested individuals and the random set of 

individuals in all three ideologies, there is no significant difference between left/right 

extremists and the non-extremist interested individuals (P < 0.001, Figure 35a-c). 

 

 
Figure 33: Characterizing Personality Traits of Extremists 

While there is no significant difference between LWE 

and RWE across the big five personality traits, both 

LWE and RWE show significantly lower agreeableness 

(A), conscientiousness (C), neuroticism (N), and higher 

openness (O) than the random set of individuals (P < 

0.001). Also there is no significant difference across the 

three categories of individuals with respect to 

extraversion. 
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(a) (b) (c) 

   
Figure 34: Comparing Personality Traits of Extremists with Non-Extremist Interested and Random Individuals.  
a, Comparing extremist and non-extremist individuals who hold anti-abortion ideology. While there is a significant 

difference between an average person and anti-abortion extremists/non-extremists (P < 0.001), there is no difference 

between non-active/active extremists and non-extremists across the big five personality traits (P < 0.01). b, Comparing 

extremist and non-extremist individuals who hold anti-immigration ideology. The random set of individuals 

significantly differ from active/non-active extremists and non-extremists (P < 0.001). However, the differences between 

active/non-active extremists and non-extremists anti-immigrants are very little and none significant (P < 0.01). c, 

Comparing extremist and non-extremist individuals who hold extreme environmentalism ideology. All differences 

between random individuals and extreme/non-extreme environmentalists are significant (P < 0.001). There exist some 

differences between non-extreme and non-active/active extremists across the big five personality traits but they are 

statistically significant at P < 0.05. 

 

 

 

 

6.4. Conclusion 
The results of this study provide a psychological and personality profile of the US 

domestic ideological extremists on the social media. It also expands the current literature 

of extremism by comparing the profile of extremists to those of non-extremist interested 

individuals. While trying to correlate the negative psychological and personality 

attributes and extremism has dominated the literature, our results show that it is the 

extreme positive and negative feelings that make extremists’ profile unique. 

Importantly, the fact that extremists and non-extremist interested individuals 

differ psychologically, but not personality wise, emphasizes the importance of 

psychological attributes in studying of extremism. To this end, the amount of engagement 

in online interactions with extremist groups on Twitter has essential effect on increasing 

the psychological instability of individuals.  
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In sum, we help answer an important and controversial question of whether there 

exist a unique psychological and personality profile for ideological extremists. Although 

our results show both psychological attributes and personality traits as contributing 

factors in the process of extremism, it should be noted that none of these psychological or 

personality differences automatically make a person an extremist nor they are necessary 

and sufficient cause of extremism. 
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CHAPTER SEVEN: CONCLUSION AND FUTURE WORKS 

7.1. Summary of Results 
The results from this dissertation revealed some interesting and sometimes 

counter-intuitive findings about various mechanisms and attributed that are contributing 

to the emergence of political and ideological extremism in the society. While Chapter 2 

showed that the presence of explicit intergroup conflict leads to the emergence of more 

opinion extremists in the population (research question 1), Chapter 3 revealed that 

favoring in-group members has an adverse effect (research question 2). That is, in-group 

favoritism decrease the number of emergent extremists. However, in-group favoritism 

decreases opinion diversity which can be seen as macro-level opinion extremity. The 

results from Chapter 3 also showed that group influence can never preclude homophily 

and rejection in the process of opinion clusters formation. Chapter 4 emphasized the role 

of activation regimes in the output of agent-based opinion dynamics models (research 

question 4). Indeed, it showed that all results from Chapter 2 and 3 can qualitatively and 

quantitatively be changed when different activation regimes is used. However, the most 

interesting result from this chapter is the fact that exposing radical agents to more social 

interactions can reduce the number of extremists. 

In addition to intergroup relations and timing of the social interactions, 

psychological factors and personality traits have been argued to affect radicalization 

(research question 3). To empirically test these hypothesis, I conducted two different 
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studies at two different analysis levels. In Chapter 5, I used 2012 American National 

Election Study data to examine the correlates of political extremism at the state-level. 

The results showed that most of the variation in the extremism can be attributed to socio-

economic factors than state-level personality traits. In addition, among the big five 

personality traits, openness to experience found to be the only personality trait that has 

significant correlation with political extremism at the state-level. 

In Chapter 6, I used data from social media to study the psychological well-being 

and ill-being of extremists at the individual level. We propose a simple approach to 

identify the ideological extremists on Twitter. Then we used PERMA lexicon to measure 

the psychological well-being and ill-being of individuals. The results revealed that 

extremists score higher both in psychological well-being and ill-being which can be a 

sign of psychological instability among ideological extremists. The results also showed 

that while the extremists are psychologically different from non-extremists, they do not 

differ in personality traits. 

7.2. Discussion 
Political and ideological extremism is a complex issue since many interconnected 

factors cause its existence. Thus, studying extremism requires an interdisciplinary 

approach and use of novel computational methodologies and datasets to better understand 

its underlying factors and mechanisms. In this dissertation, I have used agent-based 

modeling, social media data analysis, network analysis, geographical information 

systems, and Big Data analytics with theories from psychology, social psychology, and 
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politics to explore the various drivers of the political and ideological extremism which is 

shown in Figure 35. 

In particular, this dissertation emphasizes the role of intergroup conflict, in-group 

favoritism, level of individuals’ activity, socio-economic factors, psychological attributes, 

and personality traits on the emergence and spread of political and ideological extremism. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This dissertation is a first step toward a comprehensive study of political and 

ideological extremism using a set of computational social science methods. It introduces 

new computational techniques to model and study the effect of complex mechanisms, 

such as inter-group conflict and in-group favoritism, which otherwise cannot be analyzed 

through traditional social science methods. It also introduces a novel data set, obtained by 
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crawling from extremists’ accounts on Twitter, to explore the personality and 

psychological profiles of the extremism in the United States.  

7-3- Future Works 
The simulation results of Chapter 2 needs empirical validation. Our search to find 

a panel dataset of individuals, who belong to at least two different groups, and includes 

the opinion of individuals on at least two issues, before and after an event that can trigger 

or escalate the conflict between the groups, was not successful. In case such a data is 

found, the approach and results of our study can be easily verified by counting the 

number of extremists and opinion clusters before and after the triggering event.  

Another possible contribution to this dissertation is to take the dataset introduced 

in Chapter 6 and estimate the geographical coordinates of the individuals. Once the data 

is geo-tagged, one can plot the coordinates on the US map to illustrate how ideological 

extremists have spread all over the country. Are they distributed randomly or some cities 

or states have more relative number of extremists?    

Future works should also integrate different tools proposed in this dissertation to 

develop data-driven and theoretically informed computational models of political and 

ideological extremism in order to better understand and predict the emergence and spread 

of extremism in a society. Figure 36 illustrates various components of the approach that 

should be followed to accomplish this step. While results from empirical studies can 

inform us on the most influential variables to be included in the model, the activation 

regime can help us to better mimic the real-world behaviors of agents. 
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Figure 36: Bridging between Intergroup Relations and Emergent Collective Behavior of Opinion 
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APPENDIX 

Appendix 1: Generating and Analyzing Spatial Social Networks6 
 

In this chapter, we propose a class of models for generating spatial versions of 

three classic networks: Erdös-Rényi (ER), Watts-Strogatz (WS), and Barabási-Albert 

(BA). We assume that nodes have geographical coordinates, are uniformly distributed 

over an m × m Cartesian space, and long-distance connections are penalized. Our 

computational results show higher clustering coefficient, assortativity, and transitivity in 

all three spatial networks, and imperfect power law degree distribution in the BA 

network. Furthermore, we analyze a special case with geographically clustered 

coordinates, resembling real human communities, in which points are clustered over k 

centers. Comparison between the uniformly and geographically clustered versions of the 

proposed spatial networks show an increase in values of the clustering coefficient, 

assortativity, and transitivity, and a lognormal degree distribution for spatially clustered 

ER, taller degree distribution and higher average path length for spatially clustered WS, 

and higher clustering coefficient and transitivity for the spatially clustered BA networks.     

                                                 
6 Meysam Alizadeh, Claudio Cioffi-Revilla, Andrew Crooks. “Generating and Analyzing Spatial 

Social Networks”, Forthcoming in Computational and Mathematical Organization Theory. 
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A.1.1. Introduction 
Generating social networks has attracted significant interest in network science 

and agent-based modeling, given the considerable impact of network topology and its 

properties on the behavior and output of models (Alam and Geller 2012). However, the 

generation algorithms of social networks have often omitted important empirical features 

found in real-world social networks. One such regularity often missing from formation 

processes of social networks is embedded location in physical geographic space 

(Barthélemy 2011). Indeed, social relations are constrained by and benefit from human 

ties as well as they are affected by geography (Batty 2012; Onnela et al. 2011). For 

example, the importance of an individual’s location is significant for modeling 

individuals’ behavior and associated opinion dynamics (Soboll et al. 2011), and racial 

segregation (Edmonds 2006).  

Three well-known and fundamental models for generating social network 

structures are: 1) random networks (Erdös and Rényi 1959, 1960; Gilbert 1959; Rapoport 

1957), 2) small-world networks (Watts and Strogatz 1998), and 3) scale-free networks 

(Barabási and Albert 1999). Random network construction is only based on stochasticity, 

whereas a scale-free network is generated through individuals’ preferential attachment 

and generates a network with degree distribution of nodes following a power law 

distribution. Although many algorithms have been proposed for the generation of social 

networks (see Newman 2003b for an early review), not all of them are based on 

empirically valid social dynamics (Borgatti et al. 2013; Cioffi 2014: ch. 4). For examples 

of empirically based social network construction algorithms, see Cointet and Roth (2007) 

and Yoshida et al. (2008). 
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For social networks consisting of human interactions—the focus of this study—

empirical findings have repeatedly demonstrated that the probability of multiple modes of 

interaction (e.g., travel, communication, marriages, commerce, conflict, and many others) 

is strongly correlated to distance between the individuals or groups. For example, social 

influence measured by frequency of memorable interactions is inversely correlated with 

distance, resulting in a hyperbolic function of the form 𝑝(𝑘) =  𝑑−1 (Latane et al. 1995). 

Analyzing mobile phone data in Belgium, Lambiotte et al. (2008) identified the 

connection probability of 𝑝(𝑘) =  𝑑−2, replicating inverse-square or so-called social 

gravity laws first documented a century ago and found in every human and social 

geography textbook. More recently, Onnela et al. (2011) investigated a large dataset of 

voice calls and text messages from an anonymous European country and detected that the 

tie probability decayed with distance as a power law with exponent α = 1.58 for voice ties 

and α = 1.49 for text ties. 

Although determining the acceptable range of the exponent α demands more 

empirical studies, the necessity for including spatial factors in social networks is clear. 

Several algorithms have been proposed for embedding geographic space into network 

models (see Boccaletti et al. 2006 and Barthélemi 2011 for review). Most of these models 

have been developed based on real-world spatial networks such as transportation 

networks, the Internet, and power grid networks, and they are mainly concerned with 

changes in degree distribution as a result of embedding the spatial dimension.  

Our focus here is on human social networks, in which people constitute nodes and 

their social ties are edges of the network. More specifically, we are interested in 
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examining how the inclusion of geospatial location and proximity in a given generative 

algorithm for social networks affects the statistical properties and structure of networks in 

terms of empirical regularities that have been found in real-world human social networks. 

Our goal is twofold in this study: 1) to emphasize the relevance and importance of the 

geographical proximity on the formation of social networks; 2) to introduce the concept 

of spatial social networks to the agent-based modeling community and encourage the use 

of spatial networks to explore the geography of emergent and collective behaviors. This 

is particularly important where the behavior of a model depends on geographical 

properties of agents. 

We propose simple methods to construct spatial extensions of the Rapoport-

Erdös-Rényi (ER), Watts-Strogatz (WS), and Barabási-Albert (BA) network models and 

measure and compare their network characteristics. Assuming there is an embedding 

space representing Cartesian coordinates of the agents, we associate long-range 

connections with a cost produced by a distance function, such that the probability of 

connection decays as a power law. In order to better capture the effect of distance 

selection on network properties, we examine two cases where agents are either uniformly 

distributed across geographical space, or are spatially clustered. 

The rest of the chapter is organized as follows. Before going through the proposed 

spatial network generation algorithms, we review empirical regularities of real-world 

large social networks and describe the ER, WS, and BA networks in detail in section 2. In 

section 3, we present our proposed models for generating spatial extensions of ER, WS, 

and BA models. We present statistical properties of the proposed spatial networks in 
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section 4 and compare them with the non-spatial original ER, WS, and BA networks. 

Section 5 contains a discussion of main points and conclusions.   

A.1.2. Overview of Social Network Generation Algorithms 
We begin by reviewing empirical regularities of large social networks. Next, we 

present an overview of the three well-known social network generation models and their 

properties. 

A.1.2.1. Empirical Regularities of Large Social Networks  

According to the literature, real-world large social networks exhibit a set of 

observable empirical regularities. Not all of these regularities are found in all networks 

and different types of social networks exhibit a subset of these properties which are 

outlined below. We use network property measures to capture these regularities in section 

4 and compare the proposed socio-spatial networks with the classic non-spatial versions. 

Low network density: among all possible edges in a network, only a few of them 

should exist (Wong et al. 2006). 

A limit on the nodes’ degree: individuals’ degree of connectivity should not 

exceed a reasonable limit (Gilbert 2006; Barthélemy 2003). We capture this characteristic 

by computing the maximum degree in the network. 

Difference in nodes’ degree: individuals’ degree of connectivity should not be the 

same throughout the network (Fischer 1982). We compute the standard deviation of the 

degree to account for this property.  



154 

 

A heavy-tailed distribution of nodes’ degree: some individuals in the network 

should have a large number of immediate neighbors (Fischer 1982; Redner 1998; Albert 

et al. 1999; Barabasi and Albert 1999; Dorogovtsev and Mendes 2002). 

Degree assortativity: individuals with high number of connections tend to be 

connected with other individuals with many connections (Newman 2002, Newman 

2003a). In other words, the assortativity of a network measures the correlation between 

the nodes’ degree. Here we measure this correlation based on the Pearson correlation 

coefficient of the degrees (Callaway et al 2001), which varies between –1.0 

(disassortative) and +1.0 (perfectly assortative). 

High clustering: some members of an individual’s personal network should know 

each other (Bruggeman 2008). In other words, clustering measures the conditional 

probability that friends of an individual are themselves friends.  

Presence of communities: there should be some groups in which members are 

highly connected with their in-group fellows and loosely connected with out-groups 

(Wong et al 2006). By tradition, these groups are called communities (Newman 2004). 

Short path length: individuals in the network should be able to reach each other 

via a relatively small number of connections (Milgram 1967; Garfield 1979; Chung and 

Lu 2002). This characteristic reflects the “small-world” effect.  

A.1.2.2. Erdös-Rényi Network 

Erdös and Rényi (1959, 1960) produced two random network models, similar to 

an earlier model independently published by Rapoport (1957; Cioffi 2014: ch. 4). The 

first Erdös-Rényi model (ER, for short) produces a graph which is uniformly randomly 
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selected from the set of all possible graphs. The second model connects each node pair 

with probability p. While working separately, Gilbert (1959) also produced the second 

model. Here our focus is on the second version. The following pseudo-code generates the 

second Erdös-Rényi (ER) network. 

 

For each node i 

For each node j = i + 1 

Chance = a random number between 0 and 1 

If p > Chance 

Create an edge between node i and node j 

 

It has been shown that the average path length in an ER network is close to ln 𝑁, 

which is small enough to exhibit the short path length property (Watts and Strogatz 1998; 

Albert and Barabási 2002). This property has important implications in many 

applications, such as a disease’s speed of diffusion (Watts and Strogatz 1998). The 

average degree for any random network is 𝑝(𝑁 − 1), which implies that we have to 

choose a small 𝑝 to obtain a low-density network (Barthélemy 2011). The main 

shortcoming of the ER network is that it fails to generate high clustering (Hamill and 

Gilbert 2009). 

A.1.2.3. Small-World Network 

Although the small-world phenomenon (also known as “six degrees of 

separation”) was discovered as early as 1967 by Milgram, it was not until 1998 that Watts 

and Strogatz proposed a simple but powerful algorithm to generate a social network that 
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exhibits long-range correlations, high clustering, and average short path length. The 

algorithm starts from a regular lattice and then rewires each pair of nodes with probability 

𝑝. The following pseudo-code can be used to generate the Watts-Strogatz (1998) small-

world network (WS). 

 

Create a regular lattice of N nodes each connected to its K 

nearest neighbors 

For each node i 

For each node j = i + 1, …, i + K/2 

If j > N 

j = j - N 

    Chance = a random number between 0 and 1 

    If p > Chance 

Node m = a uniformly chosen node at 

random 

Create an edge between node i and node m 

Remove the edge between node i and j 

 

The small-world network has a similar topology to that of the ER network. 

Indeed, WS→ER for p→1. Although the WS network has a significantly higher 

clustering coefficient relative to the ER, in general the clustering coefficient and the 

average path length are highly dependent on the rewiring probability p. 

A.1.2.4. Scale-Free Network 

Barabási and Albert (1999) showed that networks such as World Wide Web, 

academic citation patterns, actor collaboration networks, and power grids are scale-free 
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(SF), because they have degree distributions where the probability that a node has links 

with k other nodes decays as a power law probability density function, 𝑃(𝑘) ~ 𝑘−𝛼, 

where α is a constant and k  = 1, 2, …, N. Such a power law is also a hybrid function, 

consisting of a continuous (α) and a discrete (k) dimension, so analyzing its associated 

fields requires special operators such as nabladot and related methods (Cioffi 2015). 

Barabási and Albert (1999) hypothesized that growth and preferential attachment are two 

mechanisms that explain the scale invariance behavior (“scaling”) of real networks. Their 

proposed generative algorithm combined the two mechanisms by adding a new node at 

each time step and assigning each existing node a probability (of connecting to the new 

node being added) that is proportional to a node’s current degree. This is described by the 

following pseudo-code: 

 

Create a fully connected initial network of m0 nodes 

For each node i = m0+1,…,N 

Current degree = 0 

While Current degree < m 

  Node j = a uniformly randomly selected node from all 

existing nodes except the node i and nodes adjacent to node i 

  p = degree of node j / number of all edges in the 

network 

  chance = a random number between 0 and 1 

  if p > chance 

   Create an edge between node i and node j 
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where m0 is the initial size of the network, m is the number of nodes to which any 

new added node will be connected, and N is the final network size. In this SF network, 

the degree distribution is a power law with exponent α = 3, average path length grows as 

𝑙 ~ log (𝑁) (Newman 2003b), assortativity decreases as 𝑙𝑜𝑔2𝑁/𝑁 (Newman 2002), and 

clustering decreases as 1/𝑁 (Klemm and Eguiluz 2002). 

 

A.1.3. Generating Spatial Social Networks 
We consider an m × m Cartesian space and randomly generate N points drawn 

from a uniform distribution to represent the spatial coordinates of agents. Since the total 

density of points in space might have an effect on results, we define geographic density 

(GD) as a modeling parameter and will perform sensitivity analysis on it. 

A.1.3.1. Generating a Spatial Erdös-Rényi Network  

Hamill and Gilbert (2009) proposed a generative process for network construction 

based on social circles in which nodes connect when their circles reach a given radius. 

Building on this idea, Holzhauer et al. (2013) used geo-referenced data to produce a 

network with properties of the SW model. Here, we randomly assign each agent to one 

point on the m × m Cartesian space. Then, similar to the ER network-formation process, 

each distinct pair of agents connects with probability given by the following power law or 

hyperbolic function:  

Equation 12 

𝑝(𝑑) = 𝐶𝑑−𝛼 

where C is a normalizing coefficient, d denotes the spatial distance between nodes, and α 

is a distance-decay exponent. In equation (12), constant C normalizes the distribution, 

such that: 
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Equation 13 

∫ 𝑝(𝑑)d𝑑
𝑑𝑚𝑎𝑥

𝑑𝑚𝑖𝑛

= 1 

which yields the following solution: 

Equation 14 

1 = ∫ 𝐶𝑑−𝛼 d𝑑
𝑑𝑚𝑎𝑥

𝑑𝑚𝑖𝑛

= 𝐶 ∫ 𝑑−𝛼d𝑑
𝑑𝑚𝑎𝑥

𝑑𝑚𝑖𝑛

=
𝐶

1 − 𝛼
[𝑑−𝛼+1]

𝑑𝑚𝑎𝑥

𝑑𝑚𝑖𝑛
 

We can see that equation (14) makes sense only if α > 1. As a result, equation (14) 

yields: 

Equation 15 

𝐶1 =
1 − 𝛼

𝑑𝑚𝑎𝑥
1−𝛼 − 𝑑𝑚𝑖𝑛

1−𝛼 

The following pseudo-code can be used to produce the proposed spatial Erdös-

Rényi (SER) network: 

 

For each node i: 

 For each node j = i+1 … N: 

  p = Cd-α 

  Chance = a random number between 0 and 1 

  If p > Chance: 

Create an edge between i and j 

 

A.1.3.2. Generating Spatial Watts-Strogatz Networks 

Given that each agent is randomly assigned to a point on an m×m Cartesian space, 

similar to Watts and Strogatz (1998), we begin with a regular lattice where each agent is 
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connected to its k nearest neighbors. Here, to incorporate geographical proximity into the 

model, two scenarios are plausible. First, following Kleinberg (2000), rewiring occurs 

with probability p and the selection of a new node is conditioned on the spatial distance 

between nodes: 

Equation 16 

𝑝(𝑑) = 𝐶1𝑑𝑖𝑗
−𝛼 

where dij is the Euclidean distance between agent i and agent j in Cartesian space, 

α is a fixed clustering exponent, and 𝐶1 is a normalization factor. Constant 𝐶1 in equation 

(16) is given by the normalization requirement (similar to equation 13). The advantage of 

this approach is that we can compare the resulting network with that of WS model since 

they share the rewiring probability p. We denote this version of the model as SWS-1. 

However, our proposed approach is to condition the rewiring step on inter-node distance, 

replacing probability p in Kleinberg’s (2000) approach with equation (15), and then 

selecting the new node uniformly at random: 

Equation 17 

𝑝(𝑑) = 𝐶2𝑑𝑖𝑗
𝛼  

Constant 𝐶2 in equation (17) can be obtained by an approach similar to equation 

(13). The following pseudo-code describes this second version of the spatial Watts-

Strogatz (SWS-2) model:   

 

Create a regular lattice of N nodes each connected to its k 

nearest neighbors 

For each node i: 

For each node j = i + 1, …, i + k/2: 
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If j > N: 

j = j - N 

 dij = Euclidean distance between node i and 

node j 

 p = Cdijα 

 Chance = a random number between 0 and 

1 

 If Chance < 1-p: 

Node m = a uniformly randomly selected node from all 

nodes except the node i and nodes connected to node i 

Create an edge between node i and node m 

Remove the edge between node i and j 

 

A.1.3.3. Generating a Spatial Barabási-Albert Network 

In a BA network, the probability with which a new vertex connects to the existing 

vertices is not uniform and there is a propensity to connect to well-connected vertices. 

Here, to incorporate the geographical proximity of agents into the algorithm, we assume 

that there is a higher probability that a new added node will be linked to a vertex that (1) 

already has a large number of connections, and (2) located geographically closer. This 

means that nearby hubs are more likely to be chosen by new nodes than are distant hubs. 

After randomly assigning all agents to a point in the m×m Cartesian space, starting with a 

small number (m0) of vertices, at every time step we add a new vertex with m (≤ m0) 

edges that link the new vertex to m different vertices already present in the system. To 

incorporate preferential attachment and spatial proximity, we assume that the 
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probability 𝑃(𝑘𝑗 , 𝑑𝑖𝑗) that a new vertex i will be connected to vertex j depends on the 

connectivity kj and the geographical distance dij of that vertex:  

𝑝(𝑘𝑗 , 𝑑𝑖𝑗) ∝ 𝑘𝑗𝑓(𝑑𝑖𝑗) 

where 𝑓(𝑑𝑖𝑗) denotes a function of distance between node i and node j. While 

several functions have been proposed for the 𝑓(𝑑𝑖𝑗) (e.g., Yook et al 2002; Xulvi-Brunet 

and Sokolov 2002; Manna and Sen 2002; Barthélemy 2003), in this study, we use a 

power law, based on Onnela et al.’s (2011) finding. Accordingly, we define the 

connection probability for new nodes as: 

Equation 18 

𝑝(𝑘𝑗 , 𝑑𝑖𝑗) = 𝐶𝑘𝑗𝑑𝑖𝑗
−𝛼 

where C is the normalization constant determined in way to fulfill the requirement of: 

Equation 19 

∬ 𝐶𝑘𝑗𝑑𝑖𝑗
−𝛼 = 1  

The following pseudo-code elaborates our proposed approach to construct spatial 

Barabási-Albert (SBA) networks: 

 

Create a fully connected initial network 

For each node i = m0+1,…,N: 

Current degree = 0 

While Current degree < m: 

  Node j = a uniformly randomly selected node from all 

existing nodes except the node i and nodes adjacent to node i 

  p = C × (degree of node j) × (distance between node i 

and j)-alpha 



163 

 

  chance = a random number between 0 and 1 

  if p > chance: 

   Create an edge between node i and node j 

A.1.4. Results 
In this section we present our computational results of the properties of the 

proposed socio-spatial network models and compare them with those of ER, SW, and BA 

networks when it is appropriate. More specifically, we measure clustering coefficient, 

network density, average path length, assortativity, transitivity, and min, max, mean, and 

standard deviation degree. While several algorithms have been proposed for some of 

these measures, for simplicity of reproducing the results, we use the algorithms that have 

been implemented in the Python’s Networkx library. All results are averaged over 25 

independent model runs with different random seeds. It should be noted that in all 

analysis in this study we only consider undirected networks. Moreover, since the focus of 

this study is on the human social network, we limit our analysis to Onnela et al’s (2011) 

findings that α ≈ 1.5 and only consider three values of α = 1.2, 1.5, and 2 for our 

sensitivity analysis purposes. 

A.1.4.1. Properties of the Spatial Erdös-Rényi Network 

ER and SER networks have different parameters, so pairwise comparisons are not 

possible. However, computing and comparing their network properties can provide 

valuable insights about their behavior under considered parameter settings. Here we 

report network properties for three different values of connection probability p in the ER 

model and three different exponents α for the SER model, as shown in Table 23. We 

consider 1,000 nodes in this section, however, our further analysis (not reported) showed 
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that increasing the number of nodes to 5,000 or 10,000 does not change the findings. The 

main results is that the SER model shows significantly larger clustering coefficient in its 

typical parameter range compared to the typical parameter range in the ER model. 

Moreover, the assortativity is significantly greater in the SER model. In fact, for α = 1.5, 

assortativity equals to 0.22, consistent with empirical measurements for various networks 

within the range [0.2, 0.36] (Newman 2003a).  

 

                    
Table 23: Network Properties of the ER and SER Models 

 
ER  SER 

p = 0.01 p = 0.02 p = 0.05  α = 1.2 α = 1.5 α = 2 

Mean Degree 9.96 19.96 50.08  10.19 6.04 3.56 

Clustering Coefficient 0.01 0.02 0.05  0.09 0.2 0.41 

Density 0.01 0.02 0.05  0.01 0.006 0.003 

Average path 3.26 2.68 2.027  2.17 2.88 N.A. 

Assortativity -0.004 -0.003 -0.001  0.12 0.22 0.46 

Transitivity 0.01 0.02 0.05  0.09 0.2 0.47 

Min Degree 2 7.16 28.68  1.28 0 0 

Max Degree 21.72 34.52 73.84  22.16 15.44 11.04 

Std. Degree 3.14 4.39 6.86  3.4 2.53 1.92 

              
 

A network’s degree distribution shows the behavior of relative frequency of 

degree values, a distribution that is often denoted by 𝑝𝑘, 𝑃𝑟(𝑘), or 𝑝(𝑘) and defined as a 

fraction of nodes that have k number of links in the network. This function can be 

interpreted as the probability that a randomly selected node in the network has degree k. 
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Degree Distribution CCDF 

  
Figure 37: Comparing degree distribution (left) and complementary cumulative density function or CCDF 

(right) of ER and SER networks (GD = 0.8) 

 

Figure 37 (left) shows the degree distribution of ER and SER networks for 

various values of p and α. In the ER model, links between nodes are randomly 

distributed, generating a normal degree distribution (Ducruet and Beauguitte 2013). The 

degree distribution of the SER model for the range of exponent values 1 < α ≤ 2 also 

resembles a normal distribution, but with significantly different moments. Also it appears 

that as the exponent α increases, the normal curves for SER model grow taller. As 

discussed in section 2, an important property of real-world social networks is having 

heavy-tailed degree distributions. We know that an ER network does not exhibit heavy-

tailed degree distribution and, therefore, the SER model should show similar behavior. 

However, the question of interest here is which one has the heavier tail. To determine 

this, we compare the upper tail degree distribution of the SER network with that of the 

non-spatial ER. The distribution of a random variable X is said to have a heavy tail if: 

𝑃𝑟[𝑋 > 𝑥] ~ 𝑥−𝛼 𝑎𝑠 𝑥 →  ∞, 𝛼 > 0 
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To compare degree distributions in two networks, we compute the function Pr[X 

> x], called the complementary cumulative distribution function (CCDF; Cioffi 2014: ch. 

6). If the resulting plot of one distribution falls above the other, we may conclude that the 

upper one has a heavier tail than the lower. Figure 37 (right) shows parametric 𝑃𝑟[𝑋 > 𝑥] 

functions corresponding to three different values of connection probability p for ER and 

SER networks with different values of α. Interestingly, the SER network produces 

heavier degree distributions with decreasing values of α, meaning that nodes with high 

degree are more likely to exist in such spatial networks. We should have expected this 

because larger values of α reduces the long-range connections between nodes, which in 

turn decreases the degree of the hubs. 

Next, we explore the effect of the exponent α and geographical density (GD) on 

the properties of the SER network. Figure 38 plots nine network properties of the SER 

network for different values of α and geographical density values. Results show that 

increasing the exponent α increases the average path length, but decreases mean, standard 

deviation, minimum, and maximum degree values in the SER network. Interestingly, the 

value of α = 1.5 is a tipping point for the clustering coefficient, so the coefficient 

decreases until α = 1.5, increasing afterward. On the other hand, increasing GD increases 

clustering, network density, mean degree, standard deviation of degree, transitivity, and 

assortativity, but decreases the average path length in the SER network. The underlying 

explanation for these results is that increasing the GD leads agents to locate closer 

together, which, in turn, increases the likelihood that pairs of agents will connect.  
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So far we have only looked at averages from our simulation runs and have 

reasoned based on visual inspection of plots. We now take a more detailed look at the 

variances associated with different settings and examine at how much variance can be 

attributed to variations in different parameters, based on analysis of variance (ANOVA). 

We complement Figure 38 averages of our statistics with Table 24, which shows which 

proportion of overall variation can be attributed to different parameters and parameter 

interactions, along with the p-value associated with each factor. From the table, we can 

conclude that most of the variations in the statistics of the SER network can be explained 

by the exponent α.  

   

   

   
Figure 38: Effect of exponent α and geographic density (GD) on properties of the SER network 
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Table 24: Analysis of Variance for SER Network Properties 
 Sources of variation in proportions of sum of squares 

 GD α GD×α 

Clustering Coefficient 
0.56 

(0.00) 

0.36 

(0.00) 

0.00 

(0.00) 

Mean Degree 
0.08 

(0.00) 

0.89 

(0.00) 

0.02 

(0.00) 

Std. Degree 
0.09 
(0.00) 

0.9 
(0.00) 

0.01 
(0.00) 

Min Degree 
0.06 

(0.00) 

0.85 

(0.00) 

0.06 

(0.00) 

Max Degree 
0.08 

(0.00) 

0.88 

(0.00) 

0.02 

(0.00) 

Assortativity 
0.23 

(0.00) 

0.04 

(0.002) 

0.02 

(0.17) 

Transitivity 
0.41 

(0.00) 

0.42 

(0.00) 

0.00 

(0.00) 

Density 
0.08 

(0.00) 

0.88 

(0.00) 

0.03 

(0.00) 

 

 

A.1.4.2. Properties of the Spatial Watts-Strogatz Network 

In this section, we first consider Kleinberg’s (2000) version of the SWS model, 

where the rewiring probability p is the same as in the original WS model, however, the 

probability of a new connection between two nodes is a function of their geographical 

distance d, as in equation (2). We consider 1,000 nodes for both networks, each node 

connecting to its 20 nearest neighbors (k = 20), and geographical density is set to GD = 

0.8. With respect to node degree, both WS and SWS-1 models produce the same degree 

distribution, since the main parameter affecting the shape of the distribution is the 

rewiring probability p, which in this case is the same for both models. Other network 

properties of the SWS-1 are reported and compared with the WS model in Table 25. 

Results show that the SWS-1 network has higher clustering coefficient, assortativity, 

transitivity, and minimum degree compared to the WS network, especially for low values 

of p. On the other hand, the maximum and standard deviation of degree tend to be lower 

in SWS-1 model. 
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Table 25: Comparing Network Properties in WS and SWS-1 Networks 
 p = 0.001 p = 0.01 p = 0.1 

WS SWS-1 WS SWS-1 WS SWS-1 

Mean Degree 20 20 20 20 20 20 

Clustering Coefficient 0.69 0.71 0.61 0.69 0.52 0.52 

Density 0.02 0.02 0.02 0.02 0.02 0.02 

Average path 4.96 11.16 3.58 4.93 3.22 3.22 

Assortativity -0.0002 0.0014 - 0.004 -0.0014 -0.006 -0.01 

Transitivity 0.69 0.71 0.6 0.69 0.52 0.52 

Min Degree 17.8 19 16.6 17.96 15.52 15.24 

Max Degree 22.12 21.04 23.92 22.08 25 24.92 

Std. Degree 0.44 0.14 0.98 0.44 1.37 1.38 

                          * α = 1.5, GD = 0.8, C1 = 0.02 

 

 

Degree Distribution CCDF 

  
Figure 39: Comparing Degree Frequency Distribution (left) and CCDF (right) in WS and SWS-2 Networks 

(GD=0.8) 

 

The more interesting scenario, however, is when we define the rewiring 

probability as a function of distance between nodes (i.e., let 𝑝(𝑑) = 𝐶2𝑑𝑖𝑗
𝛼 ). The intuition 

here is that if nodes are already close in the geographical space, we want them to be 

rewired with less probability than those that are geographically distant. Figure 39 (left) 

illustrates the degree distribution of the WS and SWS-2 networks for various values of 

rewiring probability p and distance exponent α. We know that the degree distribution of 
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the WS network does not match most real-world networks very well (Newman 2003b). It 

seems that incorporating the spatial proximity of individuals into the construction of the 

small-world network does not fundamentally change its degree distribution; it only makes 

it taller. Results show that for all three values of α the corresponding degree distribution 

is similar to that of WS for rewiring probability p = 0.01. Moreover, it appears that 

increasing the value of exponent α slightly makes the distribution thinner. 

In order to compare the tails of the degree distributions on WS and SWS-2 

networks and examine the effect of rewiring probability and distance exponent α on tails, 

we plot the CCDF of both networks for various values of their parameters in Figure 39 

(right), as before. We can see that the WS for p = 0.01 and p = 0.1 provide upper and 

lower bounds of the CCDF respectively. In other words, the WS for p = 0.01 has the 

heaviest tail, while SWS-2 with α = 2 has a CCDF very close to it. Another interesting 

observation for the SWS-2 model is that as the distance exponent α grows, the 

corresponding degree distributions have heavier tails, meaning that larger hubs are more 

likely to exist for greater values of α. One explanation could be that SWS model produces 

less extreme-size hubs because nearby hubs with lower degree might be more attractive 

than far hubs with higher degree. 

To examine the effect of the distance exponent α and GD on SWS-2 network 

properties, we compute the statistics for various values of α and GD, as shown in Figure 

40. Results show that clustering, average path length, minimum degree, and transitivity 

increase with α, but the maximum and standard deviation of degree decreases as α 

increases. In the case of assortativity, results show a tipping value for α. We also observe 
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that increasing GD decreases clustering, average path length, transitivity, and 

assortativity. However, the standard deviation of degree decreases with GD. The 

ANOVA test shows that most of the variation in network properties can be attributed to 

the decay exponent α (Table 26). For example, in the case of clustering, average path 

length, and transitivity, ANOVA results show that α causes 90, 80, and 90 percent of the 

variations, respectively. 

 

 

   

   

   
Figure 40: Effect of exponent α and geographic density GD on properties of the SWS-2 network 
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Table 26: Analysis of variance for SWS-2 network properties 

 
Sources of variation in proportions of sum of squares 

(p-value) 

 GD α GD×α 

Clustering 
Coefficient 

0.08 
(0.00) 

0.9 
(0.00) 

0.02 
(0.00) 

Std. Degree 
0.1 

(0.00) 

0.9 

(0.00) 

0.00 

(0.00) 

Min Degree 
0.08 

(0.00) 

0.6 

(0.00) 

0.009 

(0.00) 

Max Degree 
0.08 
(0.00) 

0.70 
(0.00) 

0.00 
(0.00) 

Assortativity 
0.00 

(0.40) 

0.00 

(0.12) 

0.00 

(0.97) 

Transitivity 
0.09 

(0.00) 

0.89 

(0.00) 

0.01 

(0.00) 

Density 
0.00 

(0.00) 

0.00 

(0.00) 

0.00 

(0.35) 

Average Path 
0.14 

(0.00) 

0.8 

(0.00) 

0.04 

(0.00) 

 

A.1.4.3. Properties of the Spatial Barabási-Albert Network 

Our proposed spatial Barabási-Albert (SBA) network and the original Barabási-

Albert (BA) model have the parameter m in common (i.e., the number of links to build 

from a new node to prior nodes). As a result, we can compare network statistics across the 

two models and directly examine the effect of adding geography to the model. We 

compute the network properties for both models and report them in Table 27. Results 

show that the SBA model always produces networks with equal or higher clustering, 

assortativity, and transitivity. On the other hand, the SBA network has a lower maximum 

degree, minimum degree, and standard deviation of degree. It also has a longer average 

path length at all corresponding m values compared to the original BA network. 
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Table 27: Comparing the network properties in the BA and SBA models 

 m = 1  m = 3  m = 5 

BA SBA  BA SBA  BA SBA 

Mean Degree 1.99 1.99  5.98 5.98  9.95 9.95 

Clustering Coefficient 0.0 0.0  0.03 0.05  0.04 0.06 

Density 0.002 0.002  0.006 0.006  0.01 0.01 

Average path 6.94 7.43  3.48 3.6  2.97 3.17 

Assortativity -0.12 -0.11  -0.08 -0.05  -0.06 -0.02 

Transitivity 0.0 0.0  0.017 0.03  0.03 0.04 

Min Degree 1 1.1  2.9 3  4.71 5 

Max Degree 57 30  98 46  124 58 

Std. Degree 3.18 2.28  7.04 4.96  10.28 7.13 

                        * α = 1.5, GD = 0.8, N = 1000 

 

The most important feature of the BA model is that it produces a network with 

power law degree distribution. Accordingly, an interesting question to investigate is how 

this degree distribution changes when long-range connections are penalized by d-α. To 

illustrate this, we plot the degree distribution of the SBA model for various values of m 

and distance exponent α on double logarithmic scales in Figure 41 (left) and compare it 

with the degree distribution in the original BA model. The straight line pattern of data 

resembles that of a power law distribution. However, we still need to test alternative 

distributions to find the one that best fits the data, because the tails of the data in Figure 

41 (left) are noisy. Another way to identify a power law is to plot the complementary 

cumulative distribution function on double logarithmic scales to see if a straight line is 

observed. If a set of values obeys a power law with exponent α, its CCDF also follows a 

power law, but with exponent α-1 in a log-log plot (see, e.g., Newman 2005; Cioffi 2014: 

ch. 6).  
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The log-log plot of the CCDFs in Figure 5 (right) show excellent fits to a power 

law fit in the original BA network. However, in case of SBA networks with different 

values of decay exponent α, the corresponding CCDF plots behave like a power law 

mostly for small values of k, dropping more steeply for larger k, which can suggest a 

power law with exponential cut-off as the best fit. The fact that the BA lies above all 

other CCDF curves implies that it has heavier tail. The reason can be found in Table 27, 

where results show that the BA model has a significantly higher maximum degree than 

the SBA model for all parameter combinations. This means that BA model produces one 

or more extreme-size hub(s) that are not produced by a SBA network. On the other hand, 

the SBA model has significantly less standard deviation of degree compared to the BA 

model, meaning that differences between hubs and regular nodes are (on average) less 

pronounced in the SBA model. 

To statistically test the goodness of fit, we compare the fit of the power law with 

other competing distributions. In doing so, we follow Clauset et al. (2009) in using the 

likelihood ratio test proposed by Vuong (1989). The test computes the logarithm of the 

ratio of the likelihoods (LR) or normalized log-likelihood ratio (NLR) of the data under 

two alternative distributions. Results for various combinations of m and α are reported in 

Table 28. We consider lognormal, exponential, and power law with exponential cut-off as 

competing distributions. Positive (negative) values of the NLR or LR indicate that a 

power law is a better (worse) fit compared to alternative distributions.  
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Figure 41: Comparing degree frequency distribution and associated CCDF in BA and SBA networks for various 

values of α and m (N = 10,000 and GD = 0.8) 
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Table 28: Testing a Power Law against Other Models for Degree Distributions in SBA Networks 

  
Lognormal Exponential 

Power Law with 

Exponential Cut-off Best Fit 

NLR p NLR p LR p 

m = 1 

α = 1 -0.21 0.65 2.39 0.38 -0.49 0.32 Power Law 

α = 1.5 -0.36 0.22 20.51 0.003 4.73 0.99 Power Law 

α = 2 -0.90 0.03 35.83 2.17 0.014 0.86 Lognormal 

m = 3 

α = 1 -1.68 0.22 84.73 6.72 -6.15 0.0004 
Power Law with  Exp. 

Cut-off 

α = 1.5 -0.21 0.68 73.10 1.02 -1.03 0.15 Power Law 

α = 2 -0.01 0.91 47.31 0.000 -0.38 0.37 Power Law 

m = 5 

α = 1 -2.86 0.11 493.3 2.51 -2.64 0.02 
Power Law with  Exp. 

Cut-off 

α = 1.5 -0.65 0.45 18.75 0.01 -3.78 0.006 
Power Law with  Exp. 

Cut-off 

α = 2 -0.51 0.51 80.8 1.04 39 0.37 Power Law 

 

The more detailed properties of the SBA model and the effect of the exponent α 

and m are demonstrated in Figure 42. These results show that clustering, transitivity, 

standard deviation of degree, and maximum degree all increase with distance exponent α. 

Network assortativity is the only feature that decreases with increasing α. Average path is 

nonlinear and concave in α. Network density, minimum degree, and mean degree are 

constant for various values of α.  

The effect of GD is also shown in Figure 42. Results show that clustering, 

standard deviation of degree, transitivity, and maximum degree decrease as GD grows. 

However, average path length and assortativity increase with GD. ANOVA test results 

indicate that most of the variation in network properties in the SBA network can be 

attributed to m (Table 29). For example, 98 percent and 67 percent of variations in 

average path length and clustering coefficient are due to the role of m. By contrast, GD 

has the least effect on variations. The results also show that differences between values of 
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m are significant at the .01 level for all network properties (p-value = 0.00), except for the 

minimum degree, where p-value = 0.52. Finally, differences between values of α are 

significant at the .01 level (p-value < 0.01) for all network statistics except the mean, 

minimum degree, and density, where the p-value > 0.01. Although most interactions 

between factors are also significant at the 1 percent significance level, since the 

interaction effects are too low, it is safe to say that there no/little interdependence 

between the factors. 

 

   

   

   
Figure 42: Effect of exponent α and geographic density GD on properties of the SBA network (m=5) 
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Table 29: ANOVA Test of Network Properties in SBA Networks with respect to d, m, and α 

 Sources of variation in proportions of sum of squares 

(p-value) 

GD m α GD×m GD×α m×α GD×m×α 

Clustering 

Coefficient 

0.01 

(0.00) 

0.67 

(0.00) 

0.19 

(0.00) 

0.01 

(0.00) 

0.01 

(0.00) 

0.09 

(0.00) 

0.01 

(0.00) 

Mean Degree 
0.00 

(0.00) 

1.00 

(0.00) 

0.00 

(0.49) 

0.00 

(0.00) 

0.00 

(0.33) 

0.00 

(0.48) 

0.00 

(0.95) 

Std. Degree 
0.01 
(0.00) 

0.91 
(0.00) 

0.05 
(0.00) 

0.00 
(0.00) 

0.00 
(0.00) 

0.03 
(0.00) 

0.00 
(0.00) 

Min Degree 
0.00 
(0.52) 

0.98 
(0.00) 

0.00 
(0.16) 

0.00 
(0.92) 

0.00 
(0.58) 

0.00 
(0.08) 

0.02 
(0.7) 

Max Degree 
0.04 

(0.00) 

0.47 

(0.00) 

0.28 

(0.00) 

0.01 

(0.00) 

0.00 

(0.4) 

0.09 

(0.00) 

0.12 

(0.09) 

Assortativity 
0.01 

(0.00) 

0.74 

(0.00) 

0.09 

(0.00) 

0.00 

(0.00) 

0.00 

(0.00) 

0.11 

(0.00) 

0.00 

(0.00) 

Transitivity 
0.01 
(0.00) 

0.87 
(0.00) 

0.07 
(0.00) 

0.00 
(0.00) 

0.00 
(0.00) 

0.04 
(0.00) 

0.00 
(0.00) 

Density 
0.00 

(0.00) 

1.00 

(0.00) 

0.00 

(0.55) 

0.00 

(0.00) 

0.00 

(0.16) 

0.00 

(0.56) 

0.00 

(0.89) 

Average Path 
0.00 

(0.006) 

0.98 

(0.00) 

0.00 

(0.00) 

0.00 

(0.04) 

0.00 

(0.35) 

0.00 

(0.00) 

0.01 

(0.68) 

 

A.1.4.4. Analyzing the Effect of Spatial Clustering 

So far we have assumed that the points representing spatial coordinates of nodes 

are uniformly distributed across space. However, in the real-world, it is rare to find a 

region where the population is uniformly distributed. Rather, population is dense in large 

cities and sparse in rural areas (Bretagnolle and Pumain 2010). In other words, population 

is spatially clustered in any given country, with cities being the cluster centers. In this 

sense, it is rewarding to analyze the extent to which having geographically clustered 

points affects the behavior and properties of our proposed spatial social networks. In 

doing so, we construct a set of n Gaussian-distributed clusters with random variances. 

Moreover, we consider different levels of GD, which controls vacant spaces between 

points and clusters. Figure 7 illustrates how spatially clustered data points differ from the 

case of uniformly distributed and the effect of GD.  



179 

 

 

 GD = 0.3 GD = 0.5 GD = 0.8 

Uniform 

   

Clustered 

   
Figure 43: Uniform vs. Clustered Points for Different Geographical Densities 

 

Figure 43 compares the degree distribution of the Spatial Erdös-Rényi (SER) with 

those of an SER with clustered embedded coordinates (SER-C). Results show that having 

spatially clustered points shifts the peak of the distribution to the left, tending toward a 

lognormal distribution. This is especially the case for n = 3 and n = 5. In addition, results 

show that increasing the value of GD produces heavier tailed distributions, but does not 

change the overall distribution type. Figure 44 also shows that SER-C results generate a 

large number of nodes with zero degree, especially for low values of GD, consistent with 

expectations. With respect to other network properties, results in Table 30 show that 

incorporating clustered coordinates into the SER model improves most properties. More 

specifically, spatial clustering increases network clustering, mean degree, density, 

assortativity, and transitivity. However, it significantly enhances the standard deviation of 

degree. Increasing the number of clusters n does not significantly induce variation in 

network properties. 
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GD = 0.3 GD = 0.5 GD = 0.8 

   
Figure 44: Degree Distributions of the SER-C and SER Models for Different Values of n and GD 

 

 
                                  

 
Table 30: Comparing Network Properties in SER and SER-C Networks 
 

SER 
SER-C 

 n = 3 n = 5 n = 7 

Mean Degree 6.04 9.59 9.53 9.54 

Clustering Coefficient 0.2 0.26 0.27 0.27 

Density 0.006 0.009 0.009 0.009 

Average path N.A. N.A. N.A. N.A. 

Assortativity 0.22 0.58 0.59 0.58 

Transitivity 0.2 0.32 0.32 0.32 

Min Degree 0 0 0 0 

Max Degree 15.44 28.56 28.08 28.8 

Std. Degree 2.53 5.85 5.84 5.84 

                                               * α = 1.5, GD = 0.8 

 

We compute and plot the degree distribution of the Spatial Watts-Strogatz (SWS-

2) and SWS with clustered embedded coordinates (SWS-C) in Figure 45, which shows 

the degree distribution of the SWS-C network for three different values of GD and 

number of clusters n. In all three plots, the SWS-C network shows a taller distribution 

than in the SWS-2 network, and the number of clusters n and GD show no significant 

effect on the shape of the distributions. In terms of other network properties, the SWS-C 

network has a higher average path length compared to the SWS-2 network, and for n = 5 

and n = 7, it has higher assortativity. Similar to the SER-C model, increasing the number 

of clusters in geographical space does not affect network properties. 
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GD = 0.3 GD = 0.5 GD = 0.8 

   
Figure 45: Degree Distributions of the SWS-C and SWS-2 Models for Different Values of n and GD 

 

 

                                
Table 31: Comparing Network Properties in SWS-2 and SWS-C Networks 
 

SWS-2 
SWS-C 

 n = 3 n = 5 n = 7 

Mean Degree 20 20 20 20 

Clustering Coefficient 0.68 0.7 0.7 0.7 

Density 0.02 0.02 0.02 0.02 

Average path 4.65 6.96 7.55 7.6 

Assortativity 0.001 0.001 0.0035 0.004 

Transitivity 0.68 0.7 0.7 0.7 

Min Degree 17.72 18.28 18.48 18.68 

Max Degree 22.32 21.56 21.24 21.28 

Std. Degree 0.51 0.27 0.24 0.23 

                                              * α = 1.5, GD = 0.8 

 

Finally, we plot the degree distribution and CCDF of the Spatial Barabási-Albert 

(SBA) network and SBA with clustered embedded coordinates (SBA-C) in Figure 46. As 

in previous cases, we consider three values of GD and the number of clusters n. The log-

log plot of the degree distributions resembles the power law distribution. However, due to 

noisy tails in all three cases, it is best to examine the CCDF plots. Results show that, for 

higher values of degree, the upper tail of the CCDF plots slightly diverges from a straight 

line, suggesting that alternative distributions should be considered. To statistically test for 

the best fit, we compute the NLR, LR, and corresponding p-values, as reported in Table 
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32. Results show that, as the number of clusters increases, the distribution diverges from 

a perfect power law; at approximately n = 7 an exponential cut-off becomes a better fit. 

With respect to other network properties of interest, results show that the SBA-C network 

has significantly higher clustering coefficients and maximum degree compared to the 

SBA network (Table 33). 

 

GD = 0.3 GD = 0.5 GD = 0.8 

   

   
Figure 46: Degree Distributions in SBA-C and SBA Models for Different Values of n and GD 

 

                  
Table 32: Testing a Power Law against other Distributions for the SBA-C Networks 

  
Lognormal Exponential 

Power Law with 

Exponential Cut-off Best Fit 

NLR p NLR p LR p 

SBA  -0.84 0.21 59.62 1.03 -0.16 0.56 Power Law 

SBA-C 

n = 3 0.01 0.37 71.00 5.63 -0.20 0.51 Power Law 

n = 5 -0.45 0.55 8.25 0.12 -0.95 0.16 Power Law 

n = 7 0.003 0.92 119.22 0.001 -1.62 0.07 
Power Law with 

Exp. Cut-off 

                               * α = 1.5, GD = 0.8, m = 5 
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Table 33: Comparing Network Properties in SBA and SBA-C Networks 
 

SBA 
SBA-C 

 n = 3 n = 5 n = 7 

Mean Degree 9.74 9.95 9.95 9.95 

Clustering Coefficient 0.02 0.06 0.06 0.06 

Density 0.01 0.01 0.01 0.01 

Average path 3.17 3.26 3.26 3.27 

Assortativity 0.05 0.007 0.005 0.008 

Transitivity 0.02 0.05 0.05 0.055 

Min Degree 5 4.28 3.96 4.04 

Max Degree 58 71.44 71.52 71.2 

Std. Degree 7.13 7.14 7.17 7.08 

                                                   * α = 1.5, GD = 0.8, m = 5 

 

A.1.5. Discussion and Conclusion 
Location is a key feature of agents that has been empirically proven to have 

significant impact on the probability of connections. Availability of large data sets of 

human interactions, such as mobile calls, text messages, and social media data, among 

many others, has enabled researchers to discover regularities in human social networks, 

including the strong correlation of individuals’ geography and their friendship and 

interaction patterns. These findings, along with the need for spatial analysis of 

computational results, have motivated the development of spatial social network 

generation algorithms. 

Based on classical principles and theory of human and social geography (e.g., 

inverse-square interaction laws), combined with network science models, we proposed a 

class of spatial social network generation algorithms. Our proposed network construction 

methods build on and extend the three well-known Rapoport-Erdös-Rényi (ER), Watts-

Stogatz (WS), and Barabási-Albert (BA) graphs. Assuming that the probability of 

connection between two agents decays with their distance as a power law (i.e., as 

𝑝(𝑑)~𝑑−𝛼 with 1 < α ≤ 2), we penalized long-range spatial interactions, consistent with 
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empirically validated social theory. That is, we allow a pair of agents to be connected 

with probability proportional to the inverse of the distance between them on an m×m 

Cartesian space. To explore the network characteristics in each model, we used measures 

that account for empirical regularities found in real-word social networks. We also 

compared our proposed models with their associated originals to assess the effect of 

geographic space on each models’ structural features. 

As a general finding, our results demonstrated that including a geographic 

distance selection mechanism in the formation of networks enhances clustering 

coefficient, assortativity, and transitivity in all three classic networks (Table 34) which 

are empirically grounded desired characteristics. One common way to compute the 

clustering coefficient is to measure the fraction of triads with a complete triangle 

(Newman 2003b; Cioffi 2014). In fact, incorporating the spatial proximity in the network 

formation model increase the probability of finding triangles in networks. This happens 

because if node A is connected to node B and node B is connected to node C, this implies 

that the probability that nodes A and C are geographically close to node B is high, which 

in turn implies that the probability that nodes A and C are spatially close is high. As a 

result, and due to the importance of distance in creating links, the probability that A and C 

are connected is increased in spatial networks. Assortativity is higher in spatial social 

networks, indicating that the probability that hubs are connected is increased when 

distance is taken into account in the formation of social networks. This has immediate 

implication for networks security properties, such as vulnerability, reliability, and 



185 

 

resilience, as these and others have been shown to be sensitive to the network properties 

(e.g., Modarres et al. 2010; Myers 2010; Newman 2003a).   

Numerical analysis of the spatial Erdös-Rényi (SER) network reveals that, similar 

to the original ER model, it generates a normal degree distribution, but with much lower 

peaks (i.e., platykurtic). Moreover, increasing the distance-decay exponent α while 

holding geographic density constant causes the degree distribution to become taller and 

thinner (leptokurtic). In other words, for lower values of α the SER model has heavier 

tails. Pairwise comparison of the ER and SER models is not possible because they have 

different parameters, but, for considered values of p and distance exponent α, the ER with 

p = 0.05 has degree distribution with the heaviest tail. Graphical sensitivity analysis and 

analysis of variance showed that both geographic density and the distance-decay 

exponent α have statistically significant effects on average values of all measured 

network properties, with most of the variations attributed to the distance exponent α. 

With respect to the spatial Watts-Strogatz (SWS) model, we analyzed two 

different cases: 1) the rewiring probability p is fixed and the connection probability is a 

function of distance between nodes (SWS-1); and 2) the rewiring probability is a function 

of distance between nodes, decaying as a power law, and the probability of connection 

between nodes is uniformly distributed (SWS-2). Results showed that the SWS-1 

network has the same degree distribution to that of the WS network, but with greater 

clustering, assortativity, and average path length for small values of p. For the SWS-2 

network we found that as the exponent α grows, the degree distribution becomes taller 

(leptokurtic), meaning a decrease in the standard deviation of the degree distribution. 
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Moreover, the degree distribution of the SWS network has heavier tails for higher values 

of α, meaning that larger size hubs are more likely to exist in spatial networks. The 

ANOVA test revealed significant differences between values of geographical density and 

exponent α on all measured network characteristics at the .05 significance level, except 

for the assortativity, with most of the variations explained by α. 

 

        
Table 34: Summary of the Comparison between Original and Spatial Networks’ Properties 

 
Degree 

Distribution 

Mean 

Degree 

Clustering 

Coefficient 
Density 

Average 

Path 
Length 

Assortativity Transitivity 
Min 

Degree 

Max 

Degree 

Std. 

Degree 

SER vs. ER N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. 

SWS-1 vs. WS  Same ≥ Same ≥ ≥ ≥ ≥ < ≤ 

SBA vs. BA 
Mostly 

power law 
Same ≥ Same > > > > < < 

        * N.A. = Not Applicable. 

 

The proposed spatial Barabási-Albert (SBA) model and the original BA model 

have in common the parameter m, so we could compare their properties. Numerical 

analysis showed that the spatial model always produces networks with lower clustering, 

maximum degree, standard deviation of degree, and minimum degree. However, the SBA 

has longer average path length and higher assortativity compared to BA model at 

corresponding m values. For the values of α that we analyzed (i.e. 1 < α ≤ 2, grounded in 

recent empirical findings about real-world social networks), the degree distribution of the 

SBA model tends to deviate from a perfect power law. That is, in some cases, especially 

for lower values of exponent α, we observe a crossover from power law behavior to 

exponential behavior. The tail analysis of degree distributions showed that for small 
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values of k, the SBA model has heavier tail than the original BA model. However, for 

medium and large value of k, the original BA model has heavier tails. This is because the 

SBA model has significantly less maximum degree compared with the BA model. 

Moreover, the ANOVA test revealed that m and geographic density have the most and 

least effect on network characteristics, respectively. For future use of the proposed 

network models, Table 35 should be consulted regarding the effect of distance exponent 

α and geographical density on network properties. 

 

 
Table 35: Summary of the Effect of Distance Exponent α and Geographical Density on Spatial Networks 

Properties 

 
Degree 
Distribution 

Mean 
Degree 

Clustering 
Coefficient 

Density 

Average 

Path 

Length 

Assortativity Transitivity 
Min 
Degree 

Max 
Degree 

Std. 
Degree 

α↑ 

SER Taller ↓ NP NP ↑ NP NP ↓ ↓ ↓ 

SWS-2 Thinner Same ↑ Same ↑ NP ↑ ↑ ↓ ↓ 

SBA 
Mostly 

power law 
Same ↑ Same NP ↓ ↑ Same ↑ ↑ 

GD↑ 

SER  ↑ ↑ ↑ ↓ ↑ ↑ ↑ ↑ ↑ 

SWS-2  Same ↓ Same ↓ ↓ ↓ ↓ ↑ ↑ 

SBA  Same NP Same NP NP NP Same NP NP 

* NP = No Pattern 

 

We analyzed an empirically relevant case where agent coordinates are clustered in 

space. This is an important extension of our analysis because in most of real-world cases 

the spatial distribution of the individuals is clustered at multiple regional scales such as 

counties and countries. Our results demonstrated that, in the presence of spatially 

clustered coordinates, the SER network shows greater clustering, assortativity, and 

transitivity. Moreover, its degree distribution tilts toward the lognormal distribution as 
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the number of zero degree agent-nodes (social isolates) significantly increases. In the 

SWS network, results showed taller (leptokurtic) degree distributions, higher 

assortativity, and average path length. Finally, having clustered coordinates increases the 

clustering coefficient and transitivity in the SBA network. It also imposes some 

deviations from the perfect power law for large values of degrees, making the power law 

with exponential cut-off the better fit for degree distribution. 

The exponential truncation we found may have critical effects on the dynamics of 

the system, especially for domains in which nodes with large degrees have important 

implications. Our finding of mechanisms leading to an exponential truncation indicates 

that the number of major hubs will be smaller than predicted for scale-free networks 

where degree distribution follows a perfect power law. This finding has immediate 

implications for understanding and managing onset and spread of epidemics and social 

contagion. 

Finally, the proposed spatial network models offer a simple way to the agent-

based modelling community to model the geography of individuals wherever it is desired 

and relevant. Our class of network generation algorithms enables the modelers to 

effectively generate a network that simultaneously captures the spatial proximity of 

individuals and the desired topology. The advantage of our models is that the geography 

and topology are linked together and not separate. This would make the researchers able 

to study the bipartite networks of physical space and any arbitrary conceptualizations of 

social networks (e.g. friends, liking, conversations, etc.) as well. 
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