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ABSTRACT 

To assist law enforcement and intelligence personnel in identifying factors that predict 

violence among known extremists, this study examines the effect that the duration of an 

ideological extremist’s radicalization process has on their propensity to be violent. Using the 

National Consortium for the Study of Terrorism and Responses to Terrorism’s Profiles of 

Individual Radicalization in the United States 2017 dataset, this effect is measured across three 

multivariate logistic regressions and subjected to a series of robustness checks. Across each 

regression—the first on data without imputation, the second on data imputed via sub-group 

means, and the third on data imputed via multiple imputation by chained equations—

radicalization duration lacked even marginal statistical significance as a predictor of violent 

behavior by an extremist.  
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INTRODUCTION 

 In this paper, I study the individual drivers of violent extremism, and particularly the 

effect of an extremist’s radicalization process duration on their propensity to become violent. My 

hypothesis is that radicalization duration has no statistically significant effect on violence. In 

other words, I posit an extremist is roughly equally likely to become violent regardless of their 

radicalization duration, ceteris paribus. To test my hypothesis, I use data from Profiles of 

Individual Radicalization in the United States (PIRUS, 2017), a public-release resource managed 

by the National Consortium for the Study of Terrorism and Responses to Terrorism. My methods 

include three logistic regressions—the first with unaltered PIRUS data, the second after having 

imputed based on sub-group mean values, and the third after using multiple imputation by 

chained equations. Across all three primary regressions and all twelve auxiliary regressions 

testing robustness, I find my hypothesis is supported: radicalization duration has no statistically 

significant effect on the propensity for an extremist to be violent.  

Violent extremism, a global phenomenon, is an individual act at its heart. It takes an 

individual strapping on a suicide vest, driving onto a crowded sidewalk, or committing some 

other act meant to harm or maim others—or directly supporting the actions thereof. Violent 

extremism also rips individuals—friends and family members, coworkers and classmates—from 

our lives.  

While forensic specialists and investigators work to answer how an individual attack 

occurred, most others are left asking why. Why me? Why now? Why this place? Why this 

person? Though some of these questions defy explanation, others lend themselves to empirical 

examination of varying rigor. As one example, law enforcement officers, and criminal profilers 

in particular, are regularly tasked with systematically identifying individuals who intend to do 
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others harm. Whether scanning the crowd at a political rally or eyeballing an inspection line at an 

airport, these officials who keep the rest of us safe are trying to stay “left of the boom.” In other 

words, they are trying to stop violence before it happens. 

 Unfortunately, violent extremism has proven difficult to stop. According to the National 

Consortium for the Study of Terrorism and Responses to Terrorism’s (START) Global 

Terrorism Database, there have been more than 2,600 terrorist attacks in the United States alone 

since 1970.1 These attacks have involved tactics that ranged from wielding firearms to biological 

weapons and have been perpetrated by far-right, far-left, Islamist, and single-issue terrorists, 

including extremist group members as well as “lone wolves.” 

 Yet, understanding who has committed extremist violence does not answer why. 

Criminologists have attempted to answer this question by studying macro-societal factors, such 

as economic downturns and government oppression, and micro factors, such as age and 

employment history, with varying degrees of success. Terrorism scholars have conducted similar 

studies while acknowledging that the motivations for criminal violence and ideological extremist 

violence (colloquially referred to as terrorism) are very different.2 

 To quell the wave of extremist violence in particular, we must understand what makes 

individual extremists violent rather than non-violent (e.g., authoring propaganda, illicitly 

funneling financial support, etc.). In essence, then, we must do our best to answer the often-

perplexing question of why. Once we answer why, we can better predict when, meaning law 

enforcement officers and intelligence agencies can know which potentially violent extremists 

they should focus their efforts on.  

                                                 
1 Simon Rogers, “Four Decades of US Terror Attacks Listed and Detailed,” The Guardian, April 17, 2013, 

https://www.theguardian.com/news/datablog/2013/apr/17/four-decades-us-terror-attacks-listed-since-1970.  
2 For a succinct distinction, see Jeffrey Bale, “What is Terrorism?,” Middlebury Institute of International Studies at 

Monterey, http://www.miis.edu/academics/researchcenters/terrorism/about/Terrorism_Definition#_ftn2.  
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Unfortunately, deciding who to bring in for questioning and who to let slip through the 

cracks is a decision that officers and agents must make every day. For example, as of June 2017, 

“There [were] about 500 principal investigations of active plotters [in the United Kingdom], 

3,000 further people of interest on the radar and more than 20,000 others with vague links to 

militancy” who were known to law enforcement but not being actively tracked.3 The gap 

between the plethora of extremist threats and the dearth of government resources in the United 

States is no less daunting.4 Put simply, our law enforcement and intelligence communities cannot 

track everyone. Understanding the drivers of violent versus non-violent extremism can help 

ensure these officials properly allocate their limited resources.  

In an attempt to determine what factors increase the propensity for violence among 

ideological extremists that have been radicalized in the United States, I will proceed as follows. 

The next section will cover a review of the relevant terrorism studies literature, highlighting 

common threads and divergent views among scholars. In the third section, I will describe the 

conceptual model I used to determine drivers of violence by extremists. The fourth section offers 

a description of the data. I will follow in the fifth section with the empirical models and results. 

Finally, I will finish in the sixth section with a discussion of conclusions, policy implications, 

study limitations, and suggestions for future research. 

  

                                                 
3 Katrin Benhold, “At Least One London Assailant was on Police Radar, Exposing Gaps,” New York Times, June 5, 

2017, https://www.nytimes.com/2017/06/05/world/europe/uk-terrorism-target.html?mcubz=1.  
4 Garrett M. Graff, “The FBI’s Growing Surveillance Gap,” Politico, June 16, 2016, 

http://www.politico.com/magazine/story/2016/06/orlando-terror-fbi-surveillance-gap-213967.  
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BACKGROUND AND LITERATURE REVIEW 

 Scholars have long sought to understand extremists’ motivations, but these efforts have 

gained a particular sense of urgency in the United States since al Qaeda’s downing of four 

airliners and the attacks on the World Trade Center and Pentagon on September 11th, 2001, 

which took nearly 3,000 lives. However, nearly two decades later, there is still disagreement on 

definitions of the most fundamental concepts to these studies, including the terms 

“radicalization” and “extremism.” I will begin this section by describing the definitions I adhere 

to in this paper before delving into the literature on personal, societal, and group-level 

motivations for violent extremism.  

Defining Terrorism, Extremism, and Radicalization 

 

 Partially due to the complexity of terrorism studies but also due to its emotionally fraught 

subject matter, no single definition for terrorism, extremism, or radicalization is universally 

agreed upon. Rather than attempt to seek such universal definitions—an effort about which 

volumes have been written—I will only briefly touch upon the most recent efforts that have at 

least a broad appeal and which correspond most closely with the definitions adhered to by the 

coders of the dataset I utilize for this study, PIRUS. 

 In one of the more inclusive definitions for terrorism, Bale describes terrorism as an act 

of non-state violence meant to influence a wider audience. In his formulation, terrorism is 

distinct from the “dyadic” relationship of criminal violence, where a perpetrator’s actions are 

focused solely on their target. Rather, terrorism comprises of a “triadic” relationship, where the 

victims of violence are used as a medium by the violent actor to communicate some message.5 In 

other words, while a serial killer may inspire terror among a community’s residents, their killing 

                                                 
5 Bale, “What is Terrorism?” 
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does not qualify as terrorism because the aim is murder itself (and whatever personal pleasure 

the serial killer derives from it). In contrast, the serial bomber Ted Kaczynski’s actions do 

qualify as terror because they were meant to draw greater attention to his anti-technological 

dogma—maiming and killing were simply the means to his end. 

 Defining terrorism more specifically, the Department of Defense has described it as “the 

unlawful use of, or threatened use, of force or violence against individuals or property to coerce 

and intimidate governments or societies, often to achieve political, religious, or ideological 

objectives.”6 However, Laqueur argues this and similar definitions are unworkable on a universal 

scale due to their rejection by some terrorism scholars,7 not to mention the leagues of violent 

non-state groups and sympathizers who view their terror-inspiring actions as just. 

 To avoid the moralistic judgement often associated with the term “terrorism” noted by 

Laqueur,8 the work of LaFree et al. and others regularly substitutes the more neutral phrase 

“violent extremism.”9 More than providing additional objectivity to the study of terrorism, 

however, this phrase highlights an important notion: extremists can be non-violent as well. 

According to Maskaliūnaite, what unites all forms of extremism is the opposition to “democratic 

norms, human rights, equality and tolerance,” which may or may not include the perpetration of 

violence.10 (I provide examples of violent and non-violent extremism in the Empirical Models 

and Results section.) 

                                                 
6 Walter Laqueur, The New Terrorism: Fanaticism and the Arms of Mass Destruction (New York: Oxford 

University Press, 2000): 5. 
7 Ibid., 6. 
8 For a thorough description of the negative connotations of the term “terrorism,” see: Ibid., 8–10. 
9 Gary LaFree, Michael A. Jensen, Patrick A. James, and Aaron Safer-Lichtenstein, “Correlates of Violent Political 

Extremism in the United States,” Criminology (2018): 1–36, doi: 10.1111/1745-9125.12169. 
10 Asta Maskaliūnaite, “Exploring the Theories of Radicalization,” Interdisciplinary Political and Cultural Journal 

17, no. 1 (2015): 13, doi: 10.1515/ipcj-2015-0002. 
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 Broadly speaking, Maskaliūnaite labels the “process by which a person adopts [extremist] 

belief systems” as “radicalization.”11 While she describes this process as “often a slow and 

gradual one,”12 Mulcahy, Merrington, and Bell found in their study of prison inmates that 

radicalization duration “can vary significantly” between individuals.13 Klausen et al. generalize 

this conflict of opinion into two schools of thought. Law enforcement, they argue, typically 

assert that the radicalization process occurs in “a matter of days, not weeks,” while social 

scientists, they say, declare “that it can take years to become a violent extremist capable of 

carrying out a deadly attack.”14 While Klausen et al. find the median average of radicalization 

duration among the Salafi-jihadists they study to be just over four years and the mean average to 

be five years, they admit these figures do not account for “intergenerational differences,”15 nor 

does their sample size (N = 68) allow for robust quantitative analysis. 

An important caveat to any emphasis on radicalization is Mulcahy, Merrington, and 

Bell’s citation of Fraihi’s work noting that “radicalisation [sic] is not always a precursor to 

terrorism.”16 Therefore, studies must not view radicalization solely through the lens of violent 

extremism, as it may lead to non-violent extremism as well. 

Personal Motivators for Individual Extremism 

 Personal motivators for individual extremism are factors that are proximal to the 

individual, and perhaps even internal. In their study of political extremists who have radicalized 

                                                 
11 Ibid., 9. 
12 Ibid., 14. 
13 Elizabeth Mulcahy, Shannon Merrington, and Peter Bell, “The Radicalisation of Prison Inmates: Exploring 

Recruitment, Religion and Prisoner Vulnerability,” Journal of Human Security 9, no. 1 (2013): 12, doi: 

10.12924/johs2013.09010004. 
14 Jytte Klausen, Selene Campion, Nathan Needle, Giang Nguyen, and Rosanne Libretti, “Toward a Behavioral 

Model of ‘Homegrown’ Radicalization Trajectories,” Studies in Conflict and Terrorism 39, no. 1 (2015): 68, doi: 

10.1080/1057610X.2015.1099995. 
15 Ibid., 77. 
16 Mulcahy, Merrington, and Bell, “The Radicalisation of Prison Inmates,” 5. 



 

7 

 

within the United States, which utilizes an earlier version of the dataset I use in this study, 

LaFree et al. thoroughly assess such personal factors—which they divide into categories of 

“social control,” “social learning,” “mental illness,” and “crime-related background 

characteristics.”17 Of these, their models found that unemployment (social control), the presence 

of radical peers (social learning), a history of mental illness, and a prior criminal record all had 

statistically significant positive correlation with an extremist’s propensity for violence.18 Yet, the 

authors are careful to note their methodology relied heavily on imputation of missing values, 

emphasizing that not a single individual among their dataset (N = 1,473) possessed all four of 

these “risk factors” prior to imputation.19 

 LaFree et al.’s emphasis on unemployment’s correlation with violent extremism 

coincides with prevailing rational choice theories of radicalization, which, as Maskaliūnaite 

explains, have described terrorism as an “occupational change process.”20 Likewise, Lee’s study 

of political violence in the Indian state of Bengal confirms that employment (his proxy measure 

for “status”), when considered alongside education, is a significant predictor of violent 

extremism among Bengalis.21 More specifically, Lee finds “[t]he members of violent groups 

will…tend to be lower-status individuals from the educated and politicized section of the 

population.”22 While membership in a violent group does not necessarily equate with violence 

itself, the two are likely highly correlated. 

 Regarding the influence of radical peers, Pels and de Ruyter find the presence of radical 

peers increases the likelihood that children in the Netherlands will hold extremist beliefs 

                                                 
17 LaFree et al., “Correlates of Violent Political Extremism in the United States,” 5–18.  
18 Ibid., 33. 
19 Ibid. LaFree et al.’s version of the PIRUS dataset, which had observations through 2014. 
20 Maskaliūnaite, “Exploring the Theories of Radicalization,” 21. 
21 Alexander Lee, “Who Becomes a Terrorist? Poverty, Education, and the Origins of Political Violence,” World 

Politics 63, no. 2 (April 2011): 204, doi: 10.1017/S0043887111000013. 
22 Ibid. 
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themselves.23 They note this effect is particularly strong among boys, who they find are, on 

average, less likely to turn to their parents for emotional support.24 Indeed, when it comes to 

extremist violence, Jarman’s examination of violence in post-conflict societies concurs that 

“[y]oung men play a prominent role both as perpetrators and as victims.”25 

 With regards to youth, LaFree et al. cite a wide body of literature confirming the 

relationship between age and criminal violence.26 Their work and that of Klausen, Morrill, and 

Libretti establish a somewhat flatter “terrorist-age crime curve,”27 where the propensity for 

violent extremism increases until an individual is in their 20’s and begins “dropping off after age 

35.”28 That said, Klausen, Morrill, and Libretti note the “peak,” or median, of this curve appears 

to be shifting towards individuals aged 19 to 20 (at least among the radical Islamist extremists in 

their sample who chose to become foreign fighters).29  

Meanwhile, LaFree et al.’s findings regarding mental illness should likely be heeded with 

more caution. Maskaliūnaite’s review of a broad set of theories of radicalization cites numerous 

studies where the singling out of terrorists based on their psychological traits has proved 

fruitless.30 Less than robust results may only add to the stigma attached to mental illness. 

Along the same lines, Borum’s overview of empirical research on radicalization 

processes reveals prisons, which correlate with an individual’s possession of a criminal record, 

                                                 
23 Trees Pels and Doret J. de Ruyter, “The Influence of Education and Socialization on Radicalization: An 

Exploration of Theoretical Presumptions and Empirical Research,” Child Youth Care Forum 41 (2012): 318, doi: 

10.1007/s10566-011-9155-5. 
24 Ibid., 319. 
25 Neil Jarman, “From war to peace? Changing Patterns of Violence in Northern Ireland, 1990-2003,” Terrorism and 

Political Violence 16, no. 3 (2004): 433, doi: 10.1080/09546550490509739. 
26 LaFree et al., “Correlates of Violent Political Extremism in the United States,” 18–19. 
27 Jytte Klausen, Tyler Morrill, and Rosanne Libretti, “The Terrorist-Age Crime Curve: An Analysis of American 

Islamist Terrorist Offenders and Age-Specific Propensity for Participation in Violent and Nonviolent Incidents,” 

Social Science Quarterly 97, no. 1 (March 2016): 19–32, doi: 10.1111/ssqu.12249. 
28 Ibid., 30. 
29 Ibid. 
30 Maskaliūnaite, “Exploring the Theories of Radicalization,” 18. 
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“did not factor prominently into most radicalization processes.”31 Though radicalization does not 

necessarily lead to violent extremism, these findings, as well as LaFree et al.’s lack of a 

“complete case” analysis, also place into question the influence of a prior criminal record on an 

individual’s propensity for political violence. 

Societal Motivators for Individual Extremism 

 Beyond an individual’s immediate circumstances, the broader society in which they live 

also influences their propensity for violent extremism. Chief among these factors is the form of 

government under which they live. As found by Barros, Passos, and Gil-Alana in their 

explanation of the timing of Euskadi Ta Askatasuna (ETA) terrorist attacks, as well as with Lins 

de Albuquerque’s broader comparison of the variation of extremist organizations’ tactics, 

democratic governments typically suffer more terrorist attacks than their authoritarian 

counterparts.32 Lins de Albuquerque goes further by asserting democracies with high state 

capacity (i.e., well-governed spaces) are more likely to be targeted with terrorist tactics than low-

capacity democracies.33 Thus, controlling for democracy and state capacity will be a crucial 

component in any comparative case study of violent extremism. However, I argue it is less 

crucial when examining this phenomenon within a single, relatively stable nation, such as this 

paper’s examination of extremists within the United States, where these variables have remained 

fairly consistent. 

Perhaps somewhat more prone to change over time, the extent of government repression 

                                                 
31 Randy Borum, “Radicalization into Violent Extremism II: A Review of Conceptual Models and Empirical 

Research,” Journal of Strategic Security 4, no. 4 (2011): 53. 
32 Carlos Pestana Barros, Jose Passos, and Luis A. Gil-Alana, “The Timing of ETA Terrorist Attacks,” Journal of 

Policy Modeling 28 (2006): 344, doi: 10.1016/j.jpolmod.2005.12.001; Adriana Lins de Albuquerque, “Violent or 

Nonviolent Means to Political Ends: What Accounts for Variation in Tactics Among Dissident Organizations 

Targeting Domestic Governments?” (PhD dissertation, Columbia University, 2014): 180. 
33 Lins de Albuquerque, “Violent or Nonviolent Means to Political Ends,” 180. 
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is also a significant predictor of “phase shifts” in the level of violence adopted by dissidents.34 

As Shellman, Levey, and Young note, the effect is quadratic, where the probability of violent 

attacks increases with repression until repression reaches the mid-point on their Conflict and 

Mediation Event Observations scale, at which point the probability rapidly decreases.35 Along 

similar lines, Foster, Braithwaite, and Sobek conclude that minority groups permanently 

relegated to an insignificant role within a participatory democracy often resort to militant 

tactics.36  

Given the robust protections of speech, assembly, and overall civic participation provided 

by the U.S. Constitution, however, it is difficult to argue levels of inclusiveness and repression 

have changed much in the United States since the passage of the Civil Rights Act of 1964. This 

is not to say that repression of certain minority groups does not exist, just that it has remained 

relatively consistent. Therefore, I argue that, among individuals sharing similar ideologies, 

repression should have little differential impact on the actions of U.S. extremists over time. 

As a macro-societal factor that has undoubtedly affected many facets of life within the 

U.S. and elsewhere, the Internet might be thought to have a drastic effect on the radicalization 

trajectory of extremists. However, Gill et al. conclude, “radicalization and attack planning are 

not dependent on the Internet.”37 Rather than being a “causal factor” for violent extremism, then, 

they argue the Internet is more likely a “situational” factor,38 where extremists who have already 

                                                 
34 Stephen M. Shellman, Brian P. Levey, and Joseph K. Young, “Shifting Sands: Explaining and Predicting Phase 

Shifts by Dissident Organizations,” Journal of Peace Research 50, no.3 (2013): 333, doi: 

10.1177/0022343312474013. 
35 Ibid., 331. 
36 Dennis M. Foster, Alex Braithwaite and David Sobek, “There Can Be No Compromise: Institutional 

Inclusiveness, Fractionalization and Domestic Terrorism,” British Journal of Political Science 43 (2012): 542, doi: 

10.1017/S0007123412000464. 
37 Paul Gill, Emily Corner, Maura Conway, Amy Thornton, Mia Bloom, and John Horgan, “Terrorist Use of the 

Internet by the Numbers: Quantifying Behaviors, Patterns, and Processes,” Criminology & Public Policy 16, no. 1 

(2017): 100, doi: 10.1111/1745-9133.12249. 
38 Ibid., 101. 
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committed to plotting a violent attack turn to the Internet for information on tools and tactics 

with which they are not readily familiar (e.g., detonating a vehicle-borne improvised explosive 

device vs. conducting a vehicle ramming). Thus, their results suggest including Internet use as a 

measure for an extremist’s propensity for violence is unwarranted, particularly among the PIRUS 

dataset, where the reduction in my regressions’ sample size due to missing values is likely to 

outweigh this variable’s meager predictive value. 

Group-level Motivators for Individual Extremism 

 While closely resembling some personal motivators (such as radical peers) and embedded 

in larger societal factors, I argue that an important and conceptually distinct type of motivator is 

the broader strategy of the group to which an extremist belongs (or with which he or she 

identifies). Though experiencing similar “pushes” and “pulls” toward violence, factors like 

government repression often affect a group’s strategy differently than another ideologically 

distinct group. For example, the intellectual subculture of the radical Left is credited with 

guiding leftists toward non-violent activism on universities after government crackdowns 

stymied their violent efforts.39 On the contrary, forceful repression of a far-right extremist at 

Ruby Ridge in 1992 arguably inspired a generation of militant extremism, beginning with 

Timothy McVeigh’s bombing of the Alfred P. Murrah Building in Oklahoma City in 1995 and 

continuing through 2017 with the arrest of would-be McVeigh copycat Jerry Varnell.40 

 Regarding the opposite government reaction to extremist violence—concessions—Bueno 

de Mesquita observes that a group’s response is dictated primarily by its available resources, 

                                                 
39 I thank Herbert F. Tinsley of START for this insight. 
40 Manny Fernandez, “Bombing Plot in Oklahoma City is Thwarted with Arrest, F.B.I. Says,” New York Times, 

August 14, 2017, https://www.nytimes.com/2017/08/14/us/oklahoma-van-bomb-domestic-terrorism.html.  
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with the more well-resourced groups committing to even greater levels of violence.41 Kydd and 

Walter explain that this “violence is a form of costly signaling,”42 which stems from one or more 

of the following five “strategic logics”:  “(1) attrition, (2) intimidation, (3) provocation, (4) 

spoiling, and (5) outbidding.”43 Specifically regarding outbidding, Nemeth highlights the varying 

reactions between ideologies, “with nationalist and religious terrorist groups responding to 

competition with more terrorism and left-wing organizations responding with less.”44 Carson, 

LaFree, and Dugan’s work confirms the overall less-violent strategy adopted by far-left 

organizations in recent decades, and in particular those of radical environmentalist and animal 

rights groups.45 

 Androsoff’s profile of Canadian Freedomites, a group of collectivist-Christian 

Doukhobors, provides a unique example of single-issue extremists whose members’ actions—

including setting fire to their own and fellow devotee’s homes to protest cultural subjugation46—

were driven entirely by their ideology. Outside of narrow, clear-cut ideologies like those held by 

the Freedomites, however, rarely are an extremist’s motivations so clear. As Hegghammer 

understatedly asserts in his attempt to explain Western jihadists’ decision to become foreign 

fighters, “Motivations can be fickle at the individual level.”47 

                                                 
41 Ethan Bueno De Mesquita, “Concilation, Counterterrorism, and Patterns of Terrorist Violence,” International 

Organization 59, no. 1 (2005): 172, doi: 10.1017/S0020818305050022. 
42 Andrew H. Kydd and Barbara F. Walter, “The Strategies of Terrorism,” International Security 31, no. 1 (Summer 

2006): 50. 
43 Ibid., 51. 
44 Stephen Nemeth, “The Effect of Competition on Terrorist Group Operations,” Journal of Conflict Resolution 58, 

no. 2 (2014): 350, doi: 10.1177/0022002712468717. 
45 Jennifer Varriale Carson, Gary LaFree, and Laura Dugan, “Terrorist and Non-Terrorist Criminal Attacks by 

Radical Environmental and Animal Rights Groups in the United States, 1970-2017,” Terrorism and Political 

Violence 24 (2012): 310, doi: 10.1080/09546553.2011.639416. 
46 Ashleigh Androsoff, “Pacifist ‘Terrorist’ in the ‘Peaceable Kingdom,’ Journal for the Study of Radicalism 7, no. 1 

(2013): 1. 
47 Thomas Hegghammer, “Should I Stay or Should I Go? Explaining Variation in Western Jihadists’ Choice 

Between Domestic and Foreign Fighting,” The American Political Science Review 107, no. 1 (February 2013): 12, 

doi: 10.1017/S0003055412000615. 
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Implications for This Study 

 LaFree et al. declare “a crucial first step in leveraging criminological theory for practical 

use by law enforcement, intelligence and counter violent extremism (CVE) practitioners is 

determining if prominent arguments can be used to differentiate between those who engage in 

violence versus those who engage in less common forms of crime.”48 I will contribute towards 

this effort by examining what role radicalization duration plays in an individual extremist’s 

propensity for violence. My paper will contribute to the broader body of literature as well by 

including and analyzing control variables for an extremist’s position in society (i.e., education 

and employment), their position in life (i.e., age, sex, and decade exposed), and their position 

along the ideological spectrum—all factors that the literature described above has pinpointed as 

crucial for a better understanding of violent extremism. As an added benefit, these control 

variables can be determined by law enforcement during surveillance of a known extremist, which 

is a necessary attribute for my conceptual model, described in the following section, to be of any 

practical use. 

  

                                                 
48 LaFree et al., “Correlates of Violent Political Extremism in the United States,” 3. 
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CONCEPTUAL MODEL 

To examine the relationship between radicalization duration and the propensity for 

extremist violence, I developed the following conceptual model, which accounts for other 

influential factors common across the aforementioned literature. I acknowledge this model does 

not capture every possible factor that might describe an extremist’s behavior, but have attempted 

to include what are likely the most influential—and arguably more importantly from a practical 

sense, knowable—factors. Keeping this in mind, my reduced form conceptual model is as 

follows. 

Pr(Extremist Violence) = f(radicalization duration, ideology, personal characteristics, 

socioeconomic status, time period, idiosyncratic error)                       (1) 

Thus, I assert the probability an individual extremist will be violent is a function of the 

duration of their radicalization process; their ideology; personal characteristics, such as gender 

and age; socioeconomic status; and the time period during which their extremist activities take 

place. Thus, in this conceptualization, a suite of personal motivators for violent extremism are 

embedded within the zeitgeist of an extremist’s time. Here, I consider radicalization duration to 

be a personal motivator because of the individual nature of the radicalization process, as 

mentioned in the previous section. 

The notion that personal characteristics, such as age and gender, might affect an 

individual’s propensity for violence is not a novel concept. When someone hears of an assault at 

the neighborhood bar, he or she is unlikely to worry that the perpetrator was their grandmother. 

By including age and gender, I conceptualize a model in which radicalization duration’s 

relationship with extremist violence is untangled from what are likely important factors in their 

own right.  
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Ideologies, too, have at times been known to embrace violence, but this relationship is 

more complicated and prone to change. As an example, the ideological movement with which an 

extremist identifies may encourage violence for a time, such as the far-left in the 1970s, before 

transforming into a more pacifist brand of extremism, as seen by the far-left in the 1980s and 

after.49   

The relationship between violence and socioeconomic status has long been a topic of 

research and debate, but a thorough investigation of this relationship is beyond the scope of this 

paper. Rather, in this model I control for two components of socioeconomic status, employment 

and education, because of their pervasive impact on human behavior across all manner of 

individual and societal behavior.50  Whatever the relationship these factors have with violence, it 

is reasonable that an employed, high school-educated, far-left extremist in the 1970s could be 

expected to be subject to different influences from those of their likeminded, but unemployed, 

advanced-degree-holding contemporaries.  

On the left-hand side of this conceptual model, I would like to reiterate that the dependent 

variable is the probability that an extremist is violent. This distinction is important, because I 

argue the right-hand side variables, both individually and in concert, have a probabilistic rather 

than deterministic relationship with violent extremism. Rather than attempting to “model the 

world” or create some sort of “minority report,” then, such a conceptual model is merely meant 

to guide law enforcement and intelligence investigations as they use other field-tested methods to 

track and apprehend would-be violent extremists.  

                                                 
49 Laqueur, The New Terrorism, 106. 
50 Specifically where crime is concerned, I highly recommend Robert D. Crutchfield’s Get a Job: Labor Markets, 

Economic Opportunity, and Crime (New York, NY: New York University Press, 2014). 
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In the next section, I will describe the data I use to convert this conceptual model into an 

empirical model, and thus a more practical guide, for examining these individual drivers of 

violent extremism, noting radicalization duration in particular.   
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DATA 

 The data come from Profiles of Individual Radicalization in the United States (PIRUS),51 

a public-release dataset created by the National Consortium for the Study of Terrorism and 

Responses to Terrorism (START), a U.S. Department of Homeland Security-sponsored research 

center hosted at University of Maryland, College Park.52 PIRUS (2017) consists of 1,867 

observations of extremists who radicalized within the U.S. and were exposed as extremists 

between 1948 and 2016. Each observation coincides with a unique individual who acted upon 

their extremism in either a violent or non-violent manner in the name of radical Islamist, far-

right, far-left, or single-issue ideologies (variables defined in Empirical Models and Results 

section), and who was either arrested, indicted, killed, or known by U.S. law enforcement 

officials to have joined a U.S. State Department Designated Terrorist Organization or violent 

extremist group. The set of observations through 2013 were selected from a pseudo-random 

sample of 3,700 observations compiled from various open-source reports and datasets, including 

START’s Global Terrorism Database and unclassified reports from the Federal Bureau of 

Investigation.53 This methodology was replicated for the 2017 update, which includes 

observations from 2014 to 2016, and “back-filled” a small number of cases prior to 2014.54  

 As Ackerman and Pinson have noted, open-source datasets, and particularly those 

documenting somewhat sensational information such as PIRUS, risk suffering from both 

selection and description biases.55 While PIRUS has been generated from credible sources and its 

                                                 
51 Data available for download at http://www.start.umd.edu/data-tools/profiles-individual-radicalization-united-

states-pirus.  
52 For more about START, see: http://www.start.umd.edu/.  
53 LaFree et al., “Correlates of Violent Political Extremism in the United States,” 18. 
54 Patrick James, e-mail message to START’s PIRUS project manager, November 7, 2017. 
55 Gary A. Ackerman and Lauren E. Pinson, “Speaking Truth to Sources: Introducing a Method for the Quantitative 

Evaluation of Open Sources in Event Data,” Studies in Conflict & Terrorism 39, no. 7-8 (2016): 619–620, doi: 

10.1080/1057610X.2016.1141000. 
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coding overseen by a team of experienced social scientists who conducted rigorous tests on the 

data’s validity,56 some degree of bias may remain.57 Rather than abandoning research of this 

topic altogether, however, I follow the lead of Ackerman and Pinson, LaFree et al., and others by 

acknowledging the imperfections in my data and assessing it as transparently as possible. 

 Regarding the PIRUS dataset specifically, measurement error is a substantial concern. 

For example, how can we definitively conclude when an extremist’s radicalization process 

began, especially when this process largely took place within their mind? Here I rely on the 

assertion of Moghaddam’s “staircase to terrorism” model and others, which conclude 

radicalization “can be observed in changing overt behaviors.”58 But because we know how these 

extremists’ stories ended, retroactive assessment of when radicalization began risks assigning 

meaning to signs of radicalization that in fact held no meaning at all, or vice versa. To control for 

this, the creators of PIRUS tested for “inter-rater reliability,”59 and thus I assume their possible 

measurement error is not systematically biased. That said, any random measurement error in an 

independent variable still causes attenuation bias, or regression coefficients drawn toward zero.60 

 Where sensationalism is concerned, a brief look at Figure 1, which illustrates the number 

of violent extremists per each ideological group who were exposed in the U.S. in each decade 

from the 1940s to the 2010s, undoubtedly highlights certain ideologies over others. For example, 

violent radical Islamist extremists outnumber those from any one ideological group somewhat in 

the 2000s and vastly in the 2010s. Similarly, violent radical far-right extremists outnumber all 

others combined in the 1990s. What these simple frequencies miss, however, are controls for all 

                                                 
56 Ibid., 19. 
57 Ibid., 40. In endnote 3, the authors speculate that news media’s increased attention on Islamist extremists in the 

wake of September 11th, 2001 likely results in a recent overrepresentation of this group relative to other ideologies. 
58 Klausen et al, “Toward a Behavioral Model of ‘Homegrown’ Radicalization Trajectories,” 69. 
59 For specifics, see: LaFree et al., “Correlates of Violent Political Extremism in the United States,” 19–20.  
60 Michael A. Bailey, Real Stats (New York, NY: Oxford University Press, 2016), 146. 
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other factors that might influence an individual’s decision to become violent, such as age, 

gender, and socioeconomic status.61 (Indeed, this study moves beyond basic characterizations of 

an ideology’s influence on violence by including an extremist’s ideology as one control variable 

among several.) Although not the focus of this study, readers might also note the consistently 

increasing prevalence of violent extremists in the U.S. over time (at least those who have been 

exposed). 

 For the purposes of this study, I utilized the existing data to create indicator variables for 

radicalization duration (less than one year, between one and five years, and greater than five 

years), educational attainment, employment status, and decade of exposure. I recoded as 

“missing” values that were coded as “unknown” or “not applicable” in PIRUS. I excluded 

retirees and individuals exposed prior to 1960 from my analysis due to their small number of 

occurrences in the dataset (N = 13 and N = 16, respectively). 

For nearly each variable in the PIRUS dataset, missing values posed a significant 

challenge to my study. (See Table 1 for descriptive statistics.) Thus, following my initial 

“complete case” regression (N = 335), I used regression-based multiple imputation and simple 

imputation using sub-group means (as inspired by LaFree et al.)62 to generate larger sample sizes 

(N = 1,867) from the existing data. I describe the specifics behind these methods in the following 

section, Empirical Models and Results.  

 

 

 

 

                                                 
61 They also do not speak to the number or successful attacks or fatalities accrued. 
62 LaFree et al., “Correlates of Violent Political Extremism in the United States.” 
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Figure 1. Frequencies per Decade of Violent Extremists Who Radicalized Within the U.S. 

 

 



 

 

Table 1:  Descriptive Statistics. (PIRUS 2017) 

Variable 

Original Data 
Data After Sub-group Mean 

Imputation 

Data After Multiple Imputation by 

Chained Equations (MICE) 

N Mean 

Stan. 

Dev. Min. Max. N Mean 

Stan. 

Dev. Min. Max. N Mean 

Stan. 

Dev. Min. Max. 

Violent 1,867 0.591 0.492 0 1 1,867 0.591 0.492 0 1 186,700 0.591 0.492 0 1 

Radicalization Duration 0 781 0.191 0.393 0 1 1,755 0.085 0.279 0 1 78,881 0.191 0.393 0 1 

Radicalization Duration 1  781 0.444 0.497 0 1 1,755 0.702 0.458 0 1 186,700 0.439 0.496 0 1 

Radicalization Duration 2  781 0.365 0.482 0 1 1,755 0.213 0.410 0 1 186,700 0.376 0.484 0 1 

Radical Islamist Extremist 1,867 0.245 0.430 0 1 1,867 0.245 0.430 0 1 186,700 0.245 0.430 0 1 

Radical Far-Right Extremist 1,867 0.400 0.490 0 1 1,867 0.400 0.490 0 1 186,700 0.400 0.490 0 1 

Radical Far-Left Extremist 1,867 0.174 0.379 0 1 1,867 0.174 0.379 0 1 186,700 0.174 0.379 0 1 

Radical Single-Issue 

Extremist 
1,867 0.182 0.386 0 1 1,867 0.182 0.386 0 1 186,700 0.182 0.386 0 1 

Age 1,784 33.619 12.931 15 88 1,843 33.593 12.751 15 88 186,700 33.644 12.295 -10† 88 

Gender (Male = 1) 1,867 0.903 0.297 0 1 1,867 0.903 0.297 0 1 186,700 0.903 0.297 0 1 

Non-High School Graduate 722 0.140 0.347 0 1 1,859 0.054 0.227 0 1 186,700 0.297 0.457 0 1 

High School Graduate 722 0.510 0.500 0 1 1,859 0.666 0.472 0 1 186,700 0.501 0.500 0 1 

Post-Secondary Graduate 722 0.224 0.417 0 1 1,859 0.230 0.421 0 1 186,700 0.225 0.418 0 1 

Advanced Degree Graduate 722 .064 0.244 0 1 1,859 0.049 0.216 0 1 186,700 0.127 0.332 0 1 

Unemployed 854 0.162 0.368 0 1 1,667 0.118 0.323 0 1 186,700 0.167 0.373 0 1 

Employed 854 0.707 0.455 0 1 1,667 0.815 0.389 0 1 186,700 0.698 0.459 0 1 

Studying 854 0.116 0.320 0 1 1,667 0.059 0.236 0 1 186,700 0.119 0.323 0 1 

Exposed in 1960s 1,867 0.059 0.237 0 1 1,867 0.059 0.237 0 1 186,700 0.059 0.236 0 1 

Exposed in 1970s 1,867 0.103 0.304 0 1 1,867 0.103 0.304 0 1 186,700 0.103 0.304 0 1 

Exposed in 1980s 1,867 0.130 0.337 0 1 1,867 0.130 0.337 0 1 186,700 0.130 0.336 0 1 

Exposed in 1990s 1,867 0.161 0.368 0 1 1,867 0.161 0.368 0 1 186,700 0.161 0.368 0 1 

Exposed in 2000s 1,867 0.258 0.437 0 1 1,867 0.258 0.437 0 1 186,700 0.258 0.437 0 1 

Exposed in 2010s 1,867 0.280 0.449 0 1 1,867 0.280 0.449 0 1 186,700 0.280 0.449 0 1 

 †This particular variable was imputed via ordinary least squares; thus, negative values are possible. However, a few negative values out of 186,700 should have no 

statistical effect on the coefficient on Age in the MICE regression (reported in the Empirical Model and Results section), which itself is averaged across 100 regressions. 

Note: Values are rounded to the nearest hundredth decimal place.

2
1
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EMPIRICAL MODEL AND RESULTS 

  Empirical Model 

 The equation I estimated can generally be expressed as: 

OR(Violent =1) = β0 + β1(Radicalization Duration 1) + β2(Radicalization Duration 2) + 

β3(Radical Islamist) + β4(Radical Far-Right) + β5(Radical Far-Left) + β6(Age) 

+ β7(Gender) + β8(High School Graduate) + β9(Post-Secondary Graduate) + 

β10(Advanced Degree Graduate) + β11(Employed) + β12(Student) + β13(1960s) 

+ β14(1970s) + β15(1980s) + β16(1990s) + β17(2000s) + εi         (2) 

 

 My empirical work, using the statistical analysis software Stata, consists of three logistic 

regressions. Each regression applies the model from Equation 2 to a separate dataset and 

generates odds-ratios (OR) for each independent variable as they relate to the dependent variable, 

holding all else equal.63 The first of these regressions is a “complete-case” analysis, where 

PIRUS observations with missing values for the variables presented in Equation 2 are excluded 

from the sample. In the second regression, I apply my empirical model to PIRUS data for which I 

have filled in missing values via sub-group-mean imputation, a process which I will describe in 

further detail below. The third, and final, regression is on PIRUS data that has been treated with 

multiple imputation by chained equations using Royston’s user-written “ice” and “mim” 

commands in Stata, explained below. 

 Implementing a complete-case analysis is straightforward, as Stata automatically drops 

observations with missing values. The advantage to this method is the knowledge we are 

assessing the world as it is, rather than inventing values which may in fact be far from the truth. 

However, if values are missing at random (MAR), then “as more variables are included in the 

analysis model…[complete case analysis] becomes increasingly inefficient [relative to multiple 

                                                 
63 Exponentiating the coefficients (i.e., eβ1) provides an odds-ratio describing how likely it is the dependent variable 

will be equal to 1 (in this case, violent = 1) compared to the reference category. For example, if the coefficient on 

“Employed” is 0.96, then we would say, holding all else equal, employed extremists are 96 percent as likely (or 4 

percent less likely) to be violent compared to unemployed extremists. 
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imputation].”64 Additionally, the reduced sample size due to dropped observations will reduce 

the statistical power of my test, possibly understating the significance of the effect of certain 

independent variables. Logistic regression results are especially impacted by small sample sizes, 

and Peduzzi et al. recommend a minimum sample size of N = 10k/p (where k is the number of 

independent variables and p is the proportion of dependent variable observations equal to 1).65 

Finally, and as with any analysis involving missing data, complications arise with the complete-

case method if values are missing in a systematic, rather than random, manner. Non-randomness 

in missing values may lead coefficients to be both biased and inefficient.  

Emulating LaFree et al.’s work,66 my second regression involves increasing the sample 

size via sub-group-mean imputation from N = 335 to N = 1,539. This was done by first 

separating my observations into sub-groups of ideology and decade (e.g., far-right exposed in the 

1980s, far-left exposed in the 2000s, etc.), and then finding the mean average value of each 

variable of interest for each sub-group. These sub-group means are used to replace missing 

values for their respective variable within each sub-group. An admittedly crude method of 

imputation, sub-group means provide the advantage of basing imputed values directly on values 

observed in the real world. However, even under the assumption values are MAR, data modified 

with sub-group-mean imputation will display downward-biased variance.67 

A more sophisticated method of imputation, multiple imputation by chained equations 

(MICE) was used to modify data for my third logistic regression. Due to its ease of use, I 

                                                 
64 Ian R. White and John B. Carlin, “Bias and Efficiency of Multiple Imputation Compared with Complete-Case 

Analysis for Missing Covariate Values,” Statistics in Medicine 29, no. 28 (2010): 2921. 
65 Peter Peduzzi, John Concato, Elizabeth Kemper, Theodore R. Holford, and Alvan R. Feinstein, “A Simulation 

Study of the Number of Events per Variable in Logistic Regression Analysis,” Journal of Clinical Epidemiology 49, 

no. 12 (1996): 1373-1379.  
66 LaFree et al., “Correlates of Violent Political Extremism in the United States,” 23. 
67 Nikos Tsikriktsis, “A Review of Techniques for Treating Missing Data in OM Survey Research,” Journal of 

Operations Management 24 (2005): 57.  
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conducted MICE using Royston’s user-written “ice” command in Stata. As Royston and White 

explain, “ice” imputes data in the following manner: 

Initially, all missing values are filled in at random. The first variable with at least 

one missing value, x1, say, is then regressed on the other variables, x2,…, xk. The 

estimation is restricted to individuals with observed x1. Missing values in x1 are 

replaced by simulated draws from the posterior predictive distribution of x1, [also 

known as] proper imputation….This process is repeated for all other variables 

with missing values in turn: one such round is called a cycle. To stabilize the 

results, the procedure (similar to a Gibbs sampler) is…repeated for…ten cycles to 

produce a single imputed dataset….The entire procedure is repeated 

independently M times, yielding M imputed datasets.68 

 

 In choosing M, the number of imputations completed, I considered White’s suggestion to 

generate a number of imputations equal to the proportion of observations with missing values,69 

and erred on the conservative side, opting for 100. I use Royston’s corresponding “mim” 

command in Stata to run a regression on each imputation and implement “Rubin’s rules” 

(essentially taking the average) to generate a single output of estimates.70 As an added benefit, 

“mim” provides an FMI-statistic (fraction of missing information) for each variable, which is an 

approximation of the increase in variance attributed to missing values.71 

 While MICE provides many benefits, including increased sample size (from N = 335 to 

N = 1,801) and imputed values that match the distribution of the pre-existing data, its results are 

invalid if missing values are not missing at random (NMAR) and no further corrections are 

made.72 To ensure the values for my variables of interest are MAR, I conducted multiple tests.  

                                                 
68 Patrick Royston and Ian R. White, “Multiple Imputation by Chained Equations (MICE): Implementation in Stata,” 

Journal of Statistical Software 45, no. 4 (2011): 2.   
69 Ibid. 
70 Patrick Royston, John B. Carlin, and Ian R. White, “Multiple Imputation of Missing Values: New Features for 

mim,” The Stata Journal 9, no. 2 (2009): 258. 
71 Ibid., 261. See ibid. for the equation used to calculate FMI. 
72 White and Carlin, “Bias and Efficiency of Multiple Imputation Compared with Complete-Case Analysis for 

Missing Covariate Values,” 2921. 
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The first, a simple Pearson χ2 test, found no statistically significant relationship between 

missingness (i.e., an observation with a missing value for any of the model’s variables) and 

radicalization duration,73 my main variable category of interest. I followed this by examining 

correlation between missingness among each variable category from Equation 2 (e.g., education, 

employment status, decade), as recommended by Tsikriktsis.74 The results from this test, which 

are provided in the Appendix, presented relatively low correlation between certain variables 

(e.g., missing age and missing radicalization duration = 0.1144) and somewhat higher 

correlation among others (e.g., missing education and missing employment status = 0.3770). 

Thus, I suspect values are not missing completely at random (MCAR), but may fit the definition 

of MAR.75 

For one final test of the MAR assumption required for MICE, I performed a logistic 

regression of violent on the variables from the model presented in Equation 2 for which 

observations had missing values. This produced a statistically significant regression76 and two 

statistically significant regressors: missing radicalization duration and missing age.77 Thus, it is 

possible PIRUS observations are NMAR, suggesting the results of my third regression using 

MICE-imputed data should be viewed skeptically. 

 Given that the data used for each of my three regressions posed issues regarding bias, 

efficiency, and validity, I present the results from all three as a check for robustness.78 I posit that 

                                                 
73 Pearson χ2-statistic = 2.2108 with 2 degrees of freedom; p-value = 0.331. 
74 Tsikriktsis, “A Review of Techniques for Treating Missing Data in OM Survey Research,” 56. 
75 White and Carlin, “Bias and Efficiency of Multiple Imputation Compared with Complete-Case Analysis for 

Missing Covariate Values,” 2921-2. As White and Carlin explain, values are MAR when “the probability of a 

particular set of values being missing for an individual does not depend on the values themselves, conditional on the 

observed values of other variables.” For values to be MCAR, “the probability of data being missing does not depend 

on any missing or observed values.” 
76 P-value = 0.0000. The full output is presented in the Appendix. 
77 P-values equaled 0.024 and 0.000, respectively. 
78 As a further check for robustness, I also employed a series of models including other variables highlighted by the 

extant literature. These regression results, which are quite similar, are presented in the Appendix. 
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the results which hold across all three regressions merit more serious consideration. Admittedly, 

this cross-check will not correct problems arising from potential omitted variable bias or 

measurement error (the former of which I have aimed to avoid but cannot rule out given data 

limitations, and the latter of which PIRUS coders have aimed to avoid but will create downward-

biased coefficients if present). However, my purpose is to pin down what is at least an 

approximately correct answer to whether radicalization duration affects an extremist’s propensity 

for violence. In the words of Tukey, “Far better an approximate answer to the right question… 

than an exact answer to the wrong question.”79 The variables used to obtain this approximate 

answer are described next. 

Variables 

 Each variable is taken directly or derived from the Profiles of Individual Radicalization 

in the United States (PIRUS, 2017), a public-release dataset compiled and published by the 

National Consortium for the Study of Terrorism and Responses to Terrorism (START). 

Dependent Variable 

Violent:  As coded in the PIRUS dataset, this dichotomous variable describes whether an 

extremist actively planned or partook in a plot, either successful or failed, meant to intentionally 

cause physical harm to others.80 Acts that unintentionally harm others (e.g., destruction of a 

power station that was thought to have been unoccupied) are considered here to be non-violent. 

Other examples of non-violent acts include “illegal protest,” “receiving ‘terrorist’ training but 

not acting on it,” and “threatening violent actions without operational progress toward a plot.”81 

Given that extremists may be responsible for many acts, both violent and non-violent, they are 

                                                 
79 John W. Tukey, “The Future of Data Analysis,” The Annals of Mathematical Statistics 33, no.1 (1962): 13-14.  
80 National Consortium for the Study of Terrorism and Responses to Terrorism, Profiles of Individual Radicalization 

in the United States (PIRUS) Codebook (Baltimore, MD: START, September 2017): 12. 
81 Ibid. 
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coded primarily based on the ultimate act that led to their killing, capture, indictment, or 

defection to a designated terrorist organization or violent extremist group (hereafter referred to as 

“exposure”).82 Obvious exceptions to this rule would be individuals who committed high-profile 

acts of violence but who were captured due to carelessness committing lesser crimes (similar to 

Al Capone’s arrest for tax evasion). 

Independent Variables 

Radicalization Duration 1:  For this and the following independent variable, I separated 

the categorical PIRUS variable “Radicalization Duration,” coded as “Short,” “Medium,” and 

“Long,”83 into three dichotomous variables that correspond with each duration. Radicalization 

Duration 1 corresponds with a “Medium” duration, which is between one and five years from an 

extremist’s first display of radical ideas or actions to their exposure. A positive, statistically 

significant coefficient implies that, all else equal, extremists with this radicalization duration 

have a higher propensity for violence than those in the reference category—“Short” durations of 

less than one year. Negative coefficients imply the opposite. Given my stated hypothesis, I 

expect this effect to be near zero and thus statistically insignificant. 

Radicalization Duration 2:  Corresponding with the PIRUS dataset’s “Long” 

radicalization duration, this dichotomous variable is coded as 1 for extremists whose 

radicalization process is evidenced to have lasted longer than five years.84 A positive, statistically 

significant coefficient implies that, all else equal, extremists with this radicalization duration 

have a higher propensity for violence than those with a duration of less than one year, and 

                                                 
82 Ibid., 8. 
83 Ibid., 21. 
84 Ibid. 
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negative coefficients imply the opposite. Again, I expect this effect to be near zero and thus 

statistically insignificant. 

Radical Islamist:  Taken directly from the PIRUS codebook, 85 all extremists are 

dichotomously labeled Islamist, which denotes participation in or inspiration by radical Islamist 

or jihadist movements, or non-Islamist. As a mutually exclusive categorization, Islamist 

extremists, by definition, cannot also qualify as one of the other three ideologies considered in 

this study: far-right, far-left, and single-issue. A positive, statistically significant coefficient 

implies that, all else equal, Islamist extremists have a higher propensity for violence than single-

issue extremists, my PIRUS-created reference category of extremists who focus on narrow issues 

(e.g., anti-abortion extremists) or individually fashioned ideologies (e.g., Ted Kaczynski’s 

somewhat Luddite “UNABOM” campaign).86 A negative coefficient implies the opposite. While 

I suspect the true effect of ideology to be near zero and statistically insignificant, I suspect 

artifacts in the data, including the skew of my observations toward more recent cases and the 

sensational media coverage of Islamist extremists since the September 11th attacks, may create a 

positive relationship between radical Islamism87 and violence.  

Radical Far-Right:  Taken directly from the PIRUS codebook,88 all extremists are 

dichotomously and mutually exclusively labeled far-right, which denotes participation in or 

inspiration by radical right-wing movements (e.g., the alt-Right, so-called “Patriots,”89 etc.), or 

                                                 
85 Ibid., 18. 
86 Ibid., 4. UNABOM is short-hand for “university and airline bomber,” Kaczynski’s first targets. 
87 Brian Naylor, “Radical Islam or Radical Islamism? It Depends Whom You Ask,” NPR, June 14, 2016, 

https://www.npr.org/2016/06/14/482011041/radical-islam-or-radical-islamism-it-depends-who-you-ask. It is 

important to make the distinction between Islam, the belief system of all Muslims, and Islamism, an Islam-inspired 

belief system that extremists use to justify their actions. I use the descriptors Islamism and Islamist here to make the 

distinction between extremists’ “perversion of Islam” and Islam writ large. 
88 National Consortium for the Study of Terrorism and Responses to Terrorism, PIRUS Codebook, 18. 
89 Kevin Sullivan, “Primed to Fight the Government,” Washington Post, May 21, 2016, 

http://www.washingtonpost.com/sf/national/2016/05/21/armed-with-guns-and-constitutions-the-patriot-movement-

sees-america-under-threat/?utm_term=.b013216d3efe.  
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non-far-right. A positive, statistically significant coefficient implies that, all else equal, far-right 

extremists have a higher propensity for violence than single-issue extremists, and a negative 

coefficient implies the opposite. I expect this effect to be near zero and insignificant along with 

the other ideologies, but perhaps even nearer zero than radical Islamism due to the relative lack 

of media attention given to elements of the far-right not associated with mass-casualty incidents 

(what Perliger calls “the submerged part of the iceberg”90). 

Radical Far-Left:  Also from the PIRUS codebook, 91 extremists are dichotomously and 

mutually exclusively labeled far-left, which denotes participation in or inspiration by radical left-

wing movements (e.g., the communist-inspired Weather Underground, radical environmental 

groups like the Animal Liberation Front, etc.), or non-far-left. A positive, statistically significant 

coefficient implies that, all else equal, far-left extremists have a higher propensity for violence 

than single-issue extremists, and a negative coefficient implies the opposite. Like the other 

ideologies, I expect the effect of this variable to be near zero and statistically insignificant. 

Age:  As recorded in the PIRUS codebook, this variable describes the age of the extremist 

at the time of their exposure.92 A positive, statistically significant coefficient implies that, all else 

equal, a one-year increase in age corresponds with an increase in an extremist’s propensity for 

violence. Negative coefficients imply the opposite. Given the well-known association between 

youth and violence, I expect an increase in age to have a highly statistically significant negative 

effect on violence.93 

                                                 
90 Arie Perliger, Challengers from the Sidelines: Understanding America’s Violent Far-Right (West Point, NY: U.S. 

Military Academy Combating Terrorism Center, November 2012): 103, https://info.publicintelligence.net/CTC-

ViolentFarRight.pdf.  
91 National Consortium for the Study of Terrorism and Responses to Terrorism, PIRUS Codebook, 19. 
92 Ibid., 25. 
93 Note: I did not include age-squared in this model because of its lack of joint significance with age and its failure 

to improve model fit. Curious readers can view the regression results that include this variable in the Appendix. 
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Gender:  Taken directly from PIRUS, gender is a dichotomous variable where males are 

coded as 1 and females are coded as 0.94 A positive, statistically significant coefficient implies 

that, all else equal, men display an increased propensity for violence relative to women, and a 

negative coefficient implies the opposite. Given the popularly expressed tie between testosterone 

and aggression, I expect males to have a statistically significantly higher propensity for violence 

than females. 

High School Graduate:  For this and the following independent variables describing an 

extremist’s education level, I separated the categorical PIRUS variable “Education”95 into four 

dichotomous variables that describe the highest level of education completed by an extremist. 

High school graduates include extremists who completed high school, some college, or some 

vocational school, as recorded in the original PIRUS dataset. All else equal, a positive, 

statistically significant coefficient implies a higher propensity for violence relative to the 

reference category, extremists with less than a high school diploma or equivalent certification. A 

negative coefficient implies the opposite. I expect this effect to be negative given Urdal and 

others’ assertion that “education is generally expected to increase the opportunity cost of rebel 

labor.”96 

Post-Secondary Graduate:  A dichotomous, mutually exclusive description, post-

secondary graduates are extremists whose highest level of education completed, as recorded in 

PIRUS, is either a college or vocational school degree, and persons who have some Master’s-

level schooling. All else equal, a positive, statistically significant coefficient implies a higher 

                                                 
94 Ibid. 26. Note: the PIRUS codebook did not provide a classification for transgender individuals or those who 

identify as gender fluid. 
95 Ibid., 30. 
96 Henrik Urdal, “The Demographics of Political Violence: Youth Bulges, Insecurity, and Conflict,” in Lael 

Brainard and Derek Chollet (eds.), Too Poor for Peace?: Global Poverty, Conflict, and Security in the 21st Century 

(Washington, DC: Brookings Institution Press, 2007): 94.  
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propensity for violence relative to extremists with less than a high school diploma or equivalent 

certification, and a negative coefficient implies the opposite. I expect this effect to be near zero 

and insignificant because of a possible cancelling effect between the higher opportunity cost of 

rebel labor and what Urdal also notes as the motivation for political violence created by the 

underemployment.97 This is in contrast to extremists with a lesser education, who, at least in 

terms of education, are unlikely to be overqualified for most employment opportunities. 

Advanced Degree Graduate:  As the final education variable, I defined advanced degree 

graduates as extremists who, according to the PIRUS dataset,98 earned a Master’s, doctoral, or 

other professional degree, or who completed some doctoral or professional education. All else 

equal, a positive, statistically significant coefficient implies a higher propensity for violence 

relative to extremists with less than a high school diploma or equivalent certification, and a 

negative coefficient implies the opposite. While the conflicting effects for post-secondary 

graduates apply here as well, I expect advanced degree graduates to have a lower propensity for 

violence relative to non-high school graduates. This is due to the influence of an extended time 

on college campuses, which I argue are relatively safe corners of society,99 and the several 

percentage-point lower incidence of unemployment among post-graduates relative to others.100 

Employed:  For this and the following employment-related variable, I created this 

dichotomous independent variable by combining the PIRUS “employment status” classifications 

                                                 
97 Ibid. 
98 National Consortium for the Study of Terrorism and Responses to Terrorism, PIRUS Codebook, 30. 
99 Lauren Musu-Gillette, Anland Zhang, Ke Wang, and Jizhi Zhang, Indicators of School Crime and Safety: 2016 

(Washington, DC: U.S. Department of Education National Center for Education Statistics, May 2017): 122, 

https://nces.ed.gov/pubs2017/2017064.pdf. While I admit to having no direct comparison between college campuses 

and other environments, campuses themselves appear to have become much safer in recent years considering 

“[b]etween 2001 and 2014, the overall number of reported crimes decreased by 35 percent.” 
100 Bureau of Labor Statistics, “Employment Projections,” last modified October 24, 2017, 

https://www.bls.gov/emp/ep_chart_001.htm.  



 

32 

 

of “employed” and “self-employed.”101 (Given the few observations of retirees, I omitted 

extremists with this employment status from my study.) All else equal, a positive, statistically 

significant coefficient implies a higher propensity for violence relative to the reference category, 

unemployed extremists (a mutually exclusive categorization including both those “looking for 

work” and “not looking for work”).102 A negative coefficient implies the opposite. I expect 

employed extremists to have a lower propensity for violence relative to unemployed extremists 

based on Urdal’s previously mentioned argument regarding the higher opportunity cost for rebel 

labor. 

Student:  A mutually exclusive employment category, this dichotomous variable 

identifies extremists whose employment status at the time of exposure was coded in the PIRUS 

dataset as “student.”103 All else equal, a positive, statistically significant coefficient implies a 

higher propensity for violence relative to unemployed extremists, and a negative coefficient 

implies the opposite. Given a likely high degree of collinearity between youth and a “student” 

employment status, I expect these extremists to display a higher propensity for violence relative 

to unemployed extremists.  

Decades:  Using the PIRUS variable “Date Exposure,” which describes the month and 

year (and, in instances where it is known, day) an extremist was exposed, I created dichotomous 

variables to indicate the decade in which an extremist was exposed. From the 1960s through the 

2000s, a positive, statistically significant coefficient for a decade implies that, all else equal, 

extremists exposed in this decade had a higher propensity for violence relative those exposed in 

                                                 
101 National Consortium for the Study of Terrorism and Responses to Terrorism, PIRUS Codebook, 31. 
102 Ibid. 
103 Ibid. Not to be confused with a separate dichotomous variable coded into PIRUS, “Student,” which describes 

whether an extremist was a student during the initiation of their radicalization process (vs. their exposure). 
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the 2010s, my reference category.104 Negative coefficients imply the opposite. While I expect 

certain decades to be more violent than others given broader cultural trends, I have no fixed 

expectations regarding any single decade. Laqueur posited the dawning of “a new age” circa 

1999, where “the cost of hundreds of lives may appear small in retrospect.”105 If this holds true, 

then the 2000s should display a similar (and thus near-zero) effect relative to the reference 

category, and previous decades should display a lower propensity for violence. 

Results 

The results from this study’s three primary logistic regressions are summarized below in 

Table 2. Before describing these results in detail, I encourage readers to notice the consistent 

lack of even marginal statistical significance for my primary variables of interest, Radicalization 

Duration 1 and Radicalization Duration 2. In other words, among extremists radicalized within 

the US from 1960 to 2016, radicalization duration appears to have no effect on an individual’s 

propensity to be violent. Also of note is the variable Radical Far-Left Extremist, which displays 

a statistically significant and large negative effect on an individual’s propensity to be violent, 

relative to single-issue extremists, across all three regressions. Thus, the relatively less violent 

nature of far-left extremism, when averaged over the last half-century, is an empirically evident 

phenomenon that does not appear to be an artifact of imputation or any other data modification. 

  

 

                                                 
104 The higher proportion of observations per year in this decade relative to others compensates for the fact that it 

covers fewer years (7 vs. 10).  
105 Laqueur, The New Terrorism, 4. 



 

 

 

           

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Significant at the 90% level of confidence; **Significant and the 95% level of confidence; ***Significant at the 99% level of confidence. 

           † Fraction of variance due to missing information prior to imputation. †† F-statistic rather than Likelihood Ratio χ2. 

           Note: All values are rounded to the nearest thousandth decimal place. 

Table 2:  Logistic Regression Results of Variables’ Effects on the Odds an Extremist is Violent. (PIRUS 2017) 

Variable 

Complete Case  Sub-group Mean Imputation  
Multiple Imputation by Chained 

Equations (MICE)  

Odds-

Ratio 

Standard 

Error 

z-

statistic 

Odds-

Ratio 

Standard 

Error 

z-

statistic 

Odds-

Ratio 

Standard 

Error 

t- 

statistic FMI† 

Radicalization Duration 1  1.294 0.503 0.66 0.819 0.173 -0.95 0.992 0.178 -0.04 0.350 

Radicalization Duration 2  1.065 0.464 0.15 0.876 0.209 -0.55 0.943 0.183 -0.30 0.368 

Radical Islamist Extremist 1.863 0.883 1.31 2.943*** 0.719 4.42 3.596*** 0.674 6.83 0.016 

Radical Far-Right 

Extremist 
0.817 0.387 -0.43 1.632** 0.340 2.35 2.034*** 0.318 4.54 0.057 

Radical Far-Left Extremist 0.294** 0.149 -2.42 0.363*** 0.088 -4.20 0.558*** 0.103 -3.18 0.026 

Age 0.979 0.014 -1.50 0.982*** 0.005 -3.58 0.987** 0.005 -2.43 0.211 

Gender (Male = 1) 1.737 0.843 1.14 1.887*** 0.372 3.22 1.831*** 0.329 3.36 0.020 

High School Graduate 0.623 0.267 -1.10 0.627* 0.175 -1.67 0.888 0.192 -0.55 0.452 

Post-Secondary Graduate 0.604 0.304 -1.00 0.657 0.197 -1.40 0.862 0.207 -0.62 0.381 

Advanced Degree 

Graduate 
0.281** 0.157 -2.27 0.455** 0.166 -2.15 0.741 0.218 -1.02 0.446 

Employed 0.642 0.260 -1.09 0.899 0.176 -0.54 0.830 0.157 -0.98 0.408 

Studying 0.426* 0.210 -1.73 0.715 0.219 -1.10 0.795 0.205 -0.89 0.399 

Exposed in 1960s 0.920 0.570 -0.13 1.044 0.271 -0.17 0.943 0.234 -0.24 0.020 

Exposed in 1970s 2.593 1.545 1.60 2.036*** 0.517 2.80 1.367 0.290 1.47 0.025 

Exposed in 1980s 1.202 0.686 0.32 1.121 0.244 0.52 1.135 0.217 0.66 0.026 

Exposed in 1990s 0.834 0.375 -0.40 0.655** 0.120 -2.31 0.609*** 0.106 -2.86 0.032 

Exposed in 2000s 0.841 0.289 -0.50 0.452*** 0.072 -4.99 0.453*** 0.066 -5.40 0.024 

Constant 5.676* 5.225 1.89 3.074** 1.434 2.41     

Sample Size 335   1,539   1,801    

Likelihood Ratio χ2-statistic 54.76***   212.27***   8.96
***††

    

McFadden’s Pseudo-R2 0.1278   0.1021       

3
4
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 A word about all three regressions in general: the joint results for each were statistically 

significant predictors of an extremist’s likelihood to be violent at the 99 percent level of 

confidence. (Of note, the MICE results required augmented logit regressions to avoid perfect 

prediction.)106 While the regressions’ McFadden pseudo-r-squared values were relatively low, 

this comes as little surprise given the complex factors that drive human behavior—especially 

considering extremists themselves are statistical anomalies relative to the general population. 

More importantly, then, are the statistically significant variables within each set of results, 

holding all else equal. 

As stated above, the variables which were the primary focus of my study, Radicalization 

Duration 1 and Radicalization Duration 2, were not statistically significant in any of my three 

primary regressions. Not even bordering on marginal statistical significance, the lowest p-value 

for either of the two variables in these regressions was 0.344. This lack of statistical significance 

also held true across each of my auxiliary regressions, where I variously altered the reference 

category, included additional control variables, and chose a different means for multiple 

imputation.107 This consistent lack of statistical significance vindicates both scholars and 

practitioners who view radicalization as a highly variable process that may happen gradually or 

all at once, and one that may quickly or never lead to violence.108 

                                                 
106 Ian R. White, Rhian Daniel, and Patrick Royston, “Avoiding Bias Due to Perfect Prediction in Multiple 

Imputation of Incomplete Categorical Variables,” Computational Statistics and Data Analysis 54 (2010): 2268, 

2271. Perfect prediction, also known as “separation,” is a phenomenon of multiple imputation of a categorical 

variable (e.g., ethnicity) where a certain category (e.g., Pacific Islander) possesses only observed values of a single 

outcome (e.g., only violent = 0). This will push likelihood estimates to positive or negative infinity and create 

massive standard errors but can be solved using data augmentation. With augmentation via Royston’s ice command 

in Stata, twice the number of predictors multiplied by the levels of outcomes are added (here, a total of 48) to the 

imputation regressions but given a small weight (here, roughly 0.271) relative to the pre-existing observations. 
107 A subset of these auxiliary regressions are discussed in the following section, Robustness Checks, and the 

remainder are displayed in the Appendix. 
108 Namely, Mulcahy, Merrington, Bell, and Fraihi (quoted) in Mulcahy, Merrington, and Bell, “The Radicalisation 

of Prison Inmates,” 5, 12. 
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 In the complete case regression, Radical Islamist Extremist lacked statistical significance, 

but was statistically significant at the 99 percent level of confidence after sub-group mean 

imputation and MICE. In these regressions, according to logistic odds ratios, Islamist extremists 

were, respectively, 194 percent and 260 percent more likely to be violent than single-issue 

extremists. The strong, positive effect among the imputed datasets but not in the complete case 

offers several possible explanations, including: a) the increases in sample size boosted the power 

of the tests, which brought this variable’s true effect to light, and b) the imputations were skewed 

by the most recent observations, which comprise a majority of the complete case sample and 

may have been biased by disproportionately thorough media coverage (upon which the PIRUS 

dataset relies109) of radical Islamist extremism following the attacks of September 11th, 2001. 

 The variable Radical Far-Right Extremist also lacked statistical significance in the 

complete case regression, but was statistically significant in the other two. After sub-group mean 

imputation and at the 95 percent level of confidence, far-right extremists were 63 percent more 

likely to be violent than single-issue extremists. MICE provided a higher level of confidence, 99 

percent, and a stronger effect, a 103 percent increase in likelihood relative to single-issue 

extremists. While the disparity in the effects between the imputed data and the complete case 

may, similar to Islamist extremists, be due to an increased sample size and subsequent increase 

in power, skewed results due to media hype is a less likely explanation. (If anything, far-right 

extremism has been underrepresented given that, when excluding the Oklahoma City bombing 

and September 11th, 2001, attacks, far-right extremists killed nearly four times as many 

Americans from 1990 to 2015 as extremists tied to al Qaeda and affiliated movements.)110 

                                                 
109 LaFree et al., “Correlates of Violent Political Extremism in the United States,” 33. 
110 William S. Parkin, Steven M. Chermak, Joshua D. Freilich, and Jeff Gruenewald, “Twenty-Five Years of 

Ideological Homicide Victimization in the United States of America,” Report to the Office of University Programs, 

Science and Technology Directorate, U.S. Department of Homeland Security (College Park, MD: START, 2016): 7. 
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 In contrast to the other variables controlling for an extremist’s ideology, Radical Far-Left 

Extremist displayed a high level of statistical significance across all three regressions, with a 95 

percent, 99 percent, and 99 percent level of confidence, respectively. In each case, this variable’s 

odds-ratio showed a large negative effect on an extremist’s propensity for violence relative to 

single-issue extremists, varying from a roughly 71 percent to 44 percent lower likelihood. These 

results are striking given their consistently large size, negative sign, and high significance, and 

suggest that, among the extremists recorded in the PIRUS dataset, far-left extremists are less 

prone to be violent than their counterparts associated with other ideological movements. 

 When the results from all ideological groups are considered together, these results 

illustrate that, at least among the individuals in the PIRUS dataset, ideologies may play a large 

and significant role in an extremist’s propensity to be violent.111 Whether this holds true over 

longer periods of time or is simply an artifact of the time period sampled is uncertain. For 

example, viewing far-left extremism in the 1970s would reveal a relatively violent ideological 

movement, but this group of extremists has proven empirically to be relatively less violent over 

time. The same pattern for other ideological groups may emerge in the future as their movements 

evolve and strategic outlooks change.  

 Somewhat surprisingly, Age lacked statistical significance in the complete case 

regression despite the variation in the PIRUS observations, with a minimum age of 15, maximum 

                                                 
111 For critics who consider the admittedly disparate category of single-issue extremists to be a poor reference 

category, the difference in odds-ratios among each group can be calculated in the following manner thanks to the 

properties of logs. First, take the natural log of each odds-ratio to obtain a logit coefficient. Then, subtract the 

coefficient of the new reference category (e.g., Radical Far-Left Extremist) from the coefficient of the variable of 

interest (e.g., Radical Far-Right Extremist). Finally, exponentiate the difference to obtain the odds-ratio. So, looking 

at the difference between far-right and far-left extremists in the MICE regression results, we calculate ln(3.596) –  

ln(0.558) = 1.863. Exponentiating this value, we see e1.863 = 6.44. Thus, based on this regression, far-right extremists 

are 544% more likely to be violent than far-left extremists. 
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of 88, a mean average of roughly 33, and a standard deviation of nearly 13 years.112 More 

consistent with prior research and intuition, an increase in age corresponded with a decrease in 

an extremist’s likelihood to be violent that was significant at the 99 percent level of confidence 

after sub-group mean imputation and at the 95 percent level of confidence after MICE. Given 

that the odds-ratios for a one-year increase in age are similar across all three regressions—2.1 

percent less likely in the complete case regression, 1.8 percent less likely after sub-group mean 

imputation, and 1.3 percent less likely after MICE—this relationship likely lacked significance in 

the complete case simply due to the small sample size. Additionally, high multicollinearity 

inflated the Age variable’s variance.113 However, considering the exponential nature of this effect 

over time (e.g., a ten-year increase in age corresponds with a 19.2 percent, 16.6 percent, and 12.3 

percent respective decrease in the likelihood and extremist is violent),114 even these slight 

differences in predictive probabilities compound over time and are more than trivial. 

 Gender (male = 1) was insignificant in the complete case regression, but proved to be 

highly statistically significant (99 percent confidence) for both imputation models. After sub-

group mean imputation, male extremists were 89 percent more likely to be violent relative to 

female extremists.115 After MICE, this shifts to an 83 percent higher likelihood. While the lack of 

significance in the complete case regression places gender’s effect on extremist violence into 

                                                 
112 Including age-squared did not provide joint significance with this variable and age; it also did not improve model 

fit. For posterity and as a nod to past research stressing the importance of the age-crime curve, I present this 

regression result in the Appendix. 
113 The uncentered (i.e., without the constant, β0) variance inflation factor for Age in the complete case regression 

was equal to 11.15. 
114 Derived from 0.97910, 0.98210, and 0.98710. 
115 The PIRUS codebook only designates two mutually exclusive categories: males and females; it is unknown if any 

transgender or non-binary individuals are included among the dataset’s observations. 
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question,116 the similar odds-ratio (74 percent more likely) appears to confirm the widely held 

notion that men are indeed more prone to commit acts of violence than women. 

 No single education variable maintained statistical significance across all three primary 

regressions, and only one maintained significance across two: Advanced Degree Graduate. 

While insignificant after MICE, extremists who had completed an advanced education were, 

after sub-group mean imputation and with a 95 percent level of confidence, 54 percent less likely 

to be violent than non-high school graduates. In the complete case regression, this same class of 

extremists was 72 percent less likely, again at the 95 percent confidence level.  

 Post-secondary graduates displayed no statistically significant difference in likelihood to 

commit violence relative to non-high school graduates, and high school graduates were only 

statistically different after sub-group mean imputation. In this case—and only at the marginally 

statistically significant 90 percent level of confidence—high school graduates were 37 percent 

less likely to be violent than non-high school graduates. 

 Employment was a largely insignificant predictor of extremist violence as well. The 

Employed variable maintained no statistical significance, and Studying, those whose employment 

status was coded as “Student,” was only significant at the 90 percent level of confidence in the 

complete case regression. Here, student extremists were 57 percent less likely to be violent than 

their unemployed counterparts.117  

 Across the board, extremists who were exposed in the 1960s and 1980s failed to 

demonstrate a statistically significant difference in the propensity to be violent relative to the 

                                                 
116 Although, this lack of significance may have been driven by high multicollinearity, with the variance inflation 

factor of Gender equal to 10.98 in the complete case regression. 
117 While the presence of “student” as an employment category raises the specter of high multicollinearity between 

the education and employment variables (which would increase the standard errors, thus reducing significance), the 

uncentered variance inflation factor (VIF) for student was only equal to 2.52, and the uncentered VIF did not exceed 

5.50 for either of these categories’ variables. 
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reference decade, the 2010s. While lacking significance in the complete case and MICE 

regressions, after sub-group mean imputation Exposed in 1970s showed to be a highly 

statistically significant (99 percent level of confidence) predictor of extremist violence, with 

extremists exposed in this decade being 104 percent more likely to be violent relative to those of 

the current decade. Interestingly, this coincides with the peak of violent acts among far-left 

extremists, as seen in Figure 1. 

 Both the 1990s and 2000s were not significant in the complete case regression, but were 

significant at the 99 percent level of confidence after MICE and sub-group mean imputation. 

Exposure in the 1990s coincided with a 39 percent and 34 percent lower likelihood, respectively, 

and exposure in the 2000s coincided with a 55 percent lower likelihood relative to exposure in 

the 2010s in both regressions. Are we thus entering a more violent era of extremism, a new age 

where “the threat to human life has become infinitely greater than it was in the past,” as Laqueur 

predicted?118 Perhaps, but the lull in the propensity for an extremist to be violent may also be a 

statistical anomaly in the PIRUS data that has been exacerbated by imputation. With no 

statistical difference between the 2010s, 1980s, and 1960s, these results may also suggest an ebb 

and flow in the propensity for violent extremism reflected by groups’ changing strategies, acting 

and reacting in perpetuity. 

Additional Robustness Checks 

 To ensure the above results held up to additional scrutiny—in particular, the lack of 

statistical significance of the effect of an extremist’s radicalization duration on their propensity 

to be violent—I conducted a series of supplementary regressions where I variously altered the 

reference categories, included additional control variables, and chose a different means for 

                                                 
118 Laqueur, The New Terrorism, 7. 
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multiple imputation. I present a sample of these here (summarized in Table 3) to illustrate my 

methods, but I encourage skeptical readers to view the full set of auxiliary regression results 

presented in the Appendix. Readers will notice that, holding all else equal, the radicalization 

duration variables lacked even marginal statistical significance (a 90 percent level of confidence) 

in every single regression. 

 Beginning with the full set of variables that stood out in my literature review, which 

included the variables from my empirical model presented in Equation 2 along with controls for 

marital status, US military veteran status, association with radical peers, and age-squared, my 

regression lacked the statistical power necessary to produce significant results (Prob > χ2 = 

0.0589). This was due to the small sample size (N = 187) created by missing values. 

Unsurprisingly, this statistically insignificant regression produced few statistically significant 

results, with only Radical Far-Left Extremist and Radical Peers displaying marginally 

significant decreases in the propensity for an extremist to be violent.119  

 To obtain a sample size that met Peduzzi et al.’s recommendation that N = 10k/p, I 

removed marital status, association with radical peers, age-squared, and the decade variables, but 

only while examining Laqueur’s “new age of terrorism” (1990 to present day) to reduce any bias 

that might be introduced by not controlling for broader socioeconomic changes over time. In this 

regression (N = 241), radical far-left extremists were 94 percent less likely to be violent than 

single-issue extremists at the 99 percent level of confidence, and males were 381 percent more 

likely to be violent than females at the 95 percent level of confidence—both of which are 

extreme results that perhaps deserve examination in future studies on the potentially changing 

                                                 
119 Radical Far-Left Extremist: odds-ratio = 0.222, p-value = 0.094; Radical Peers: odds-ratio = 0.345, p-value = 

0.068. Also of note, the p-values for Radicalization Duration 1 and Radicalization 2 were 0.842 and 0769, 

respectively. 
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dynamics of extremism within the United States. While a one-year increase in age corresponded 

with a 3 percent drop in the likelihood an extremist was violent, this result was only marginally 

statistically significant (p-value = 0.089). All other variables were statistically insignificant. 

 To check the robustness of my MICE results specifically, I also treated the PIRUS data 

with Stata’s mi impute chained command and ran a regression (N = 1,867) using Equation 2 as a 

model. As with Royston’s ice command, this required the augmented logit method to avoid 

perfect prediction. The results, which are presented in Table 3, were remarkably similar to the 

MICE results seen in Table 2, and again produced statistically insignificant coefficients for both 

radicalization duration variables. The only noteworthy differences were the statistically 

significant results for extremists classified as students (who, at the 95 percent level of 

confidence, were 51 percent less likely to be violent relative to unemployed extremists) and 

extremists with an advanced education (who, at the 90 percent level of confidence, were 41 

percent less likely to be violent relative to extremists without a high school diploma). 

 In the next section, I conclude with a summary and discussion of the policy implications 

of these results. 
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*Significant at the 90% level of confidence; **Significant and the 95% level of confidence;              

***Significant at the 99% level of confidence. † F-statistic rather than Likelihood Ratio χ2. 

Note: All values are rounded to the nearest thousandth decimal place 
  

Table 3:  Auxiliary Robustness Checks—Logistic Regression Results of 

Variables’ Effects on the Odds an Extremist is Violent. (PIRUS 2017) 

Variable 

Robustness Check 

#1: Full Set of 

Variables 

Robustness Check 

#2: Post-1990 

Observations  

Robustness Check 

#3: MICE         

(Stata’s mi impute)  
Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

t- 

statistic 

Radicalization Duration 1  0.886 -0.20 1.077 0.15 1.067 0.27 

Radicalization Duration 2  0.815 -0.29 0.906 -0.18 0.832 -0.76 

Radical Islamist Extremist 2.330 1.12 1.664 0.95 3.435*** 6.54 

Radical Far-Right 

Extremist 
0.999 -0.00 1.073 0.12 1.884*** 3.94 

Radical Far-Left Extremist 0.222* -1.67 0.060*** -3.49 0.529*** -3.45 

Age 0.994 -0.04 0.969* -1.73 0.986** -2.29 

Age-Squared 1.000 -0.08     

Gender (Male = 1) 0.790 -0.33 4.812** 2.28 1.803*** 3.19 

Married 0.539 -1.22     

Divorced 0.477 -1.04     

US Military Veteran 1.098 0.17 0.986 -0.03   

High School Graduate 0.517 -1.13 0.714 -0.66 0.895 -0.45 

Post-Secondary Graduate 0.713 -0.48 0.785 -0.38 0.856 -0.54 

Advanced Degree 

Graduate 
0.317 -1.37 0.608 -0.68 0.587* -1.69 

Employed 0.604 -0.78 0.638 -0.90 0.715 -1.57 

Studying 0.439 -1.05 0.472 -1.25 0.489** -2.37 

Radical Peers 0.345* -1.82     

Exposed in 1960s 1.746 0.54   1.077 0.29 

Exposed in 1970s 3.524 1.44   1.509 1.91 

Exposed in 1980s 1.455 0.43   1.223 1.00 

Exposed in 1990s 1.150 0.20   0.652** -2.45 

Exposed in 2000s 1.185 0.32   0.499*** -4.67 

Constant 32.195 1.38 2.847 0.91 1.855 1.51 

Sample Size 187  241  1,867  

Likelihood Ratio χ2-statistic 33.21*  55.73***  7.67
***†

  

McFadden’s Pseudo-R2 0.1477  0.1885    
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POLICY IMPLICATIONS AND CONCLUSION 

In this study, I examined effect of the duration of an ideological extremist’s radicalization 

process on their propensity to be violent. While controlling for other factors highlighted by the 

extant literature on radicalization and ideological extremism, I hypothesized that radicalization 

duration has no statistically significant effect on violence. The purpose of posing this question 

was to determine empirically whether radicalization duration can be used by law enforcement 

and intelligence agencies as a predictor of violence for known extremists, and thus serve as an 

additional guide for the allotment of these entities’ scarce surveillance resources.120 

To test my hypothesis, I used public-release data (2017) from START’s Profiles of 

Individual Radicalization in the United States (PIRUS) project. I relied upon three primary 

logistic regressions using unaltered PIRUS data, PIRUS data modified via sub-group mean 

imputation, and PIRUS data treated with multiple imputation by chained equations (MICE), 

respectively. I also conducted several additional regressions to ensure robustness, variously 

altering reference categories, variables included in the model, and methods for multiple 

imputation. 

Invariably, I discovered radicalization duration to have no statistically significant effect 

on the propensity for an extremist to be violent. In other words, radicalization duration, measured 

in durations of less than one year, between one and five years, and greater than five years, was 

not a statistically significant predictor of violence among ideological extremists who radicalized 

within the United States and were exposed between 1960 and 2016. 

Several other factors displayed statistical significance across two of the three primary 

                                                 
120 Graff, “The FBI’s Growing Surveillance Gap”; Josh Margolin and Brian Ross, “Texas Attack Spurs Increase of 

FBI Surveillance on ‘Marginal’ Terror Threats,” ABC News, May 8, 2015,  http://abcnews.go.com/US/texas-attack-

spurs-increase-fbi-surveillance-marginal-terror/story?id=30910372.  
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regressions, including age and possession of an advanced education, which corresponded with 

lower odds an extremist would be violent, and gender, radical Islamist extremism, and radical 

far-right extremism, which corresponded with higher odds an extremist would be violent. The 

only variable to maintain statistical significance across each regression, including throughout my 

robustness checks, was Radical Far-Left Extremist. In each case except one limiting observations 

to extremists exposed prior to1999, all else equal, radical far-left extremists displayed a large, 

statistically significant lower likelihood of being violent relative to single-issue extremists.  

Of this latter result, policymakers should note that extremist ideologies can and do matter 

in influencing whether their adherents will be violent. However, this lesson should be regarded 

with caution, as both quantitative and qualitative examinations of the data, particularly 

concerning far-left extremism, illustrate that this effect may change over time, even shifting from 

positive to negative. As world events cause various extremist organizations and movements to 

modify and re-modify their broader strategies, I expect the shifting influence of their underlying 

ideologies to continue. In other words, I consider wholesale branding any single ideology as 

either “good” or “bad,” or “violent” or “non-violent,” to be ill-advised. 

Concerning the focus of this study, radicalization duration, my results concur with 

Mulcahy, Merrington, and Bell’s assertion that the pace of radicalization among extremists is 

highly variable,121 as well as Friahi’s notion that not all radicalization leads to violence.122 Placed 

in the context of the Klausen et al.’s framework of an ongoing debate between law enforcement 

practitioners, who often aver that radicalization into violence can occur very rapidly, and social 

scientists, who often assert that radicalization into violence takes years,123 the lack of statistical 

                                                 
121 Mulcahy, Merrington, and Bell, “The Radicalisation of Prison Inmates,” 12. 
122 Friahi in Ibid., 5. 
123 Klausen et al., “Toward a Behavioral Model of ‘Homegrown’ Radicalization Trajectories,” 68. 
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significance of radicalization duration appears to support the opinion of law enforcement, but 

with Friahi’s caveat that violence may never occur at all. 

Looking to other potential individual drivers of violent extremism in this study, age and 

gender clearly deserve emphasis in any prediction model, as Klausen, Morril, and Libretti have 

illustrated.124 However, the reduction of statistical significance caused by multicollinearity125 

between these and other variables should be carefully considered in future quantitative studies. 

Similarly, the lack of consistent statistical significance of education and employment across each 

regression may be a nod to Lee’s finding that it was the combination of education and 

employment, namely, possession of an advanced education but weak employment prospects, that 

corresponded with a higher propensity for violence among ideological extremists in the Indian 

state of Bengal.126 Quantitatively speaking, then, future studies focusing specifically on the 

effects of education and employment on extremists’ propensity to be violent should interact these 

categories of variables and be on the lookout for slope rather than shift effects.  

As a general word of caution, the results of my study should be understood within the 

context of its limitations. Principally, lack of complete information (i.e., missing values) limited 

the sample size for my complete case, which meant I was unable to include every control 

variable that I would have liked to include otherwise, or study interactions between them. 

Additionally, as the inconsistent results across certain variables demonstrate, data imputation to 

account for missing values is imperfect and can alter results depending on the method chosen. 

With this in mind, my results after imputation must be considered alongside my regression 

results using data without imputation. 

                                                 
124 Klausen, Morrill, and Libretti, “The Terrorist Age-Crime Curve,” 30–31. 
125 Bailey, Real Stats, 149. 
126 Lee, “Who Becomes a Terrorist?” 21. 
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Lack of complete information also manifested itself with respect to a lack of granularity. 

Specifically, my dataset offered an admittedly course measure for radicalization duration. That 

said, whether a more granular measure of radicalization duration is feasible is an open question, 

particularly if it is to be of use to law enforcement and intelligence practitioners. It is doubtful 

that these organizations can pin the initiation of an individual’s radicalization process down to 

the precise day, week, or even month while they are still under investigation. A different, and 

perhaps more fruitful, approach might be to qualitatively contrast the radicalization processes of 

violent and non-violent extremists, with radicalization duration only being one factor under 

consideration. In this respect, Borum’s review of various conceptual models of radicalization in 

violent extremism provides a starting point.127  

Imperfect data should not, however, discourage future quantitative research on the 

individual drivers of violent extremism. Researchers need only be cognizant of Ackerman and 

Pinson’s warning that the validity of open-source data in this arena and the credibility of their 

sources are often not transparently addressed.128 Additionally, future efforts should remain 

modest in their expectations, acknowledging Wieviorka’s critique of existing theories of violent 

extremism: “The fact is that these are never satisfactory and that the move to action, the violence, 

remains in many respects mysterious.”129  

To begin to reduce the mystery surrounding the drivers of violent extremism as well as to 

test the results of my study, researchers might repeat this study’s methodology with data from a 

region with comparable extremist demographics, perhaps Great Britain. More readily, 

researchers might use the PIRUS dataset to conduct a series of logistic regression analyses on 

                                                 
127 Borum, “Radicalization into Violent Extresmism II.” 
128 Ackerman and Pinson, “Speaking Truth to Sources,” 618. 
129 Jane Kilby, “An Interview with Michel Wieviorka: Violence, Evil, and Good,” European Journal of Social 

Theory 16, no. 3 (2013): 384, doi: 10.1177/1368431013476580. 377–390  
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only the modern era of extremism, say 1990 to present, given that the results from this auxiliary 

regression (see Table 3) displayed amplified effects for both radical far-left extremism (strongly 

negative) and gender (strongly positive, where male = 1).  

Future studies might also reexamine the drivers of violent extremism where greater 

granularity is feasible. For example, the “far-right” is quite a broad brush for what is in fact a 

diverse set of extremist organizations with varying ideologies, often which directly contradict 

one another. One recent example is the conflict between neo-Nazi organizations of the so-called 

“alt-Right” and the Oath Keepers, a group belonging to the so-called “Patriot” movement.130 

Given the latter’s affinity for firearms131 and the former’s disdain for firearms,132 these 

organizations’ differing attitudes toward violence and its purposes is another example of how 

glossing over such marked differences within the far-right is problematic for a study of this kind. 

In datasets of ideological extremists where enough cases exist, separating the far-right or another 

ideological category into its distinct elements might be more illuminating.  

Pending future studies on the individual drivers of violent extremism, policymakers 

should respect the current data limitations highlighted above. Meanwhile, practitioners should 

continue to pursue evidence-based methods to counter violent extremism within the United 

States. More specifically, to conserve and efficiently deploy scarce surveillance resources,133 

scholars and practitioners alike must hone in on factors that help predict an extremist’s 

propensity to be violent—and acknowledge that, at present in the United States, radicalization 

duration appears not to be one of them. 

                                                 
130 Southern Poverty Law Center, “‘Alt-Right’ Declares Flame War on Oath Keepers,” June 15, 2017, 

https://www.splcenter.org/hatewatch/2017/06/15/alt-right-declares-flame-war-oath-keepers.  
131 Theda Skocpol and Vanessa Williamson, The Tea Party and the Remaking of Republican Conservatism, (New 

York: Oxford University Press, 2012): 33. 
132 Pete Simi and Steven Windisch, “Why Radicalization Fails; Barriers to Mass Casualty Violence,” Terrorism and 

Political Violence (2018): 9, doi: 10.1080/09546553.2017.1409212.  
133 Graff, “The FBI’s Growing Surveillance Gap.” 
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APPENDIX 

*Significant at the 90% level of confidence; **Significant and the 95% level of confidence;              

***Significant at the 99% level of confidence.  

Note: All values are rounded to the nearest thousandth decimal place 
  

Table 4:  Alternating Time Periods—Logistic Regression Results of 

Variables’ Effects on the Odds an Extremist is Violent. (PIRUS 2017) 

Variable 

Robustness Check 

#4: Pre-1999 

Observations 

Robustness Check 

#5: Post-1999 

Observations  

Robustness Check 

#6: Post-1995 

Observations  
Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

z- 

statistic 

Radicalization Duration 1  1.293 0.40 0.998 -0.00 1.157 0.29 

Radicalization Duration 2  1.108 0.16 1.052 0.08 1.187 0.29 

Radical Islamist Extremist 1.458 0.27 0.521 -0.89 0.812 -0.34 

Radical Far-Right 

Extremist 
0.933 -0.11 0.371 -1.17 0.617 -0.69 

Radical Far-Left Extremist 0.800 -0.36 0.015*** -3.94 0.033*** -3.89 

Age 0.984 -0.72 0.950*** -2.61 0.955** -2.49 

Gender (Male = 1) 0.560 -0.84 4.384** 1.98 5.667** 2.50 

High School Graduate 1.646 0.80 0.673 -0.69 0.594 -0.95 

Post-Secondary Graduate 1.047 0.07 0.988 -0.02 0.849 -0.24 

Advanced Degree 

Graduate 
0.450 -1.06 0.390 -1.24 0.413 -1.20 

Employed 0.288* -1.71 0.590 -0.92 0.544 -1.15 

Studying 0.086*** -2.68 0.526 -0.96 0.461 -1.25 

Constant 10.443* 1.78 18.556** 2.07 8.270* 1.71 

Sample Size 118  215  238  

Likelihood Ratio χ2-statistic 16.04  53.80***  55.02
***

  

McFadden’s Pseudo-R2 0.0984  0.2113  0.1932  
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*Significant at the 90% level of confidence; **Significant and the 95% level of confidence;              

***Significant at the 99% level of confidence. 

Note: All values are rounded to the nearest thousandth decimal place 
  

Table 5:  Alternating Reference Categories—Logistic Regression Results 

of Variables’ Effects on the Odds an Extremist is Violent. (PIRUS 2017) 

Variable 

Robustness Check 

#7: Duration 

Reference Change 

Robustness Check 

#8: Employment 

Reference Change 

Robustness Check 

#9: Decade 

Reference Change  
Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

z- 

statistic 

Radicalization Duration 0 0.939 -0.15     

Radicalization Duration 1  1.214 0.60 1.294 0.66 1.294 0.66 

Radicalization Duration 2    1.065 0.15 1.065 0.15 

Radical Islamist Extremist 1.862 1.31 1.862 1.31 1.862 1.31 

Radical Far-Right 

Extremist 
0.817 -0.43 0.817 -0.43 0.817 -0.43 

Radical Far-Left Extremist 0.294** -2.42 0.294** -2.42 0.294** -2.42 

Age 0.979 -1.50 0.979 -1.50 0.979 -1.50 

Gender (Male = 1) 1.737 1.14 1.737 1.14 1.737 1.14 

High School Graduate 0.623 -1.10 0.623 -1.10 0.623 -1.10 

Post-Secondary Graduate 0.604 -1.00 0.604 -1.00 0.604 -1.00 

Advanced Degree 

Graduate 
0.281** -2.27 0.281** -2.27 0.281** -2.27 

Unemployed   1.558 1.09   

Employed 0.642 -1.09   0.642 -1.09 

Studying 0.426* -1.73 0.663 -1.11 0.426* -1.73 

Exposed in 1960s 0.920 -0.13 0.920 -0.13 0.355 -1.62 

Exposed in 1970s 2.593 1.60 2.593 1.60   

Exposed in 1980s 1.202 0.32 1.202 0.32 0.463 -1.11 

Exposed in 1990s 0.834 -0.40 0.834 -0.40 0.322* -1.86 

Exposed in 2000s 0.841 -0.50 0.841 -0.50 0.325* -1.93 

Exposed in 2010s     0.386 -1.60 

Constant 6.04* 1.89 3.643 1.39 14.716*** 2.76 

Sample Size 335  335  335  

Likelihood Ratio χ2-statistic 54.76***  54.76***  54.76***  

McFadden’s Pseudo-R2 0.1278  0.1278  0.1278  
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*Significant at the 90% level of confidence; **Significant and the 95% level of confidence;              

***Significant at the 99% level of confidence. †Joint significance Wald χ2-statistic = 2.57, p-value = 0.2768 

Note: All values are rounded to the nearest thousandth decimal place 
  

Table 6:  Alternating Variables Included—Logistic Regression Results of 

Variables’ Effects on the Odds an Extremist is Violent. (PIRUS 2017) 

Variable 

Robustness Check 

#10: Including 

Age-Squared 

Robustness Check 

#11: Including 

Peers and Veteran  

Robustness Check 

#12: Including 

Prior Conviction 
Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

z-

statistic 

Odds-

Ratio 

z- 

statistic 

Radicalization Duration 1  1.232 0.53 0.901 -0.19 1.046 0.10 

Radicalization Duration 2  1.002 0.00 0.763 -0.43 0.907 -0.20 

Radical Islamist Extremist 1.862 1.31 2.337 1.17 2.313 1.51 

Radical Far-Right 

Extremist 
0.835 -0.38 1.062 0.08 0.707 -0.62 

Radical Far-Left Extremist 0.305** -2.33 0.190** -2.05 0.516 -1.13 

Age 1.026† 0.34 0.979 -0.98 0.993 -0.40 

Age-Squared 0.999† -0.64     

Gender (Male = 1) 1.755 1.16 0.876 -0.20 1.813 1.09 

US Military Veteran   1.142 0.25   

High School Graduate 0.625 -1.10 0.526 -1.11 0.831 -0.39 

Post-Secondary Graduate 0.594 -1.03 0.666 -0.59 0.798 -0.39 

Advanced Degree 

Graduate 
0.271** -2.32 0.308 -1.49 0.317* -1.70 

Employed 0.647 -1.07 0.537 -1.03 0.773 -0.58 

Studying 0.474 -1.43 0.537 -0.85 0.579 -0.99 

Radical Peers   0.377* -1.75   

Prior Criminal Conviction     1.484 1.13 

Exposed in 1960s 0.856 -0.25 1.850 0.63 0.901 -0.15 

Exposed in 1970s 2.599 1.60 4.529* 1.83 2.357 1.24 

Exposed in 1980s 1.150 0.24 1.909 0.81 1.135 0.19 

Exposed in 1990s 0.796 -0.50 0.920 -0.13 1.172 0.31 

Exposed in 2000s 0.820 -0.58 1.033 0.06 0.809 -0.55 

Constant 2.568 0.61 32.660** 2.54 2.197 0.76 

Sample Size 335  204  264  

Likelihood Ratio χ2-statistic 55.17***  40.14***  30.61
**

  

McFadden’s Pseudo-R2 0.1288  0.1636  0.0950  
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     *Significant at the 90% level of confidence;  

     **Significant and the 95% level of confidence;                  

     ***Significant at the 99% level of confidence.  

     Note: All values are rounded to the nearest thousandth decimal place 
 

 

Table 8:  Missing at Random Check—Pearson χ2 Test of 

the Relationship Between Missingness in Any Variable 

from Equation 2 and Radicalization Duration. 

Radicalization Duration 

Any Missing Value of Interest 

Total Missing = 0 Missing = 1 

Radicalization Duration 0 57 92 149 

Radicalization Duration 1 155 192 347 

Radicalization Duration 2 129 156 285 

Total 341 440 781 

Pearson χ2 = 2.2108          Degrees of freedom = 2 P-value = 0.331 

 

 

Table 7:  Missing at Random Check—Logistic 

Regression Results of Violent on Missingness 

Among Variables. (PIRUS 2017) 

Variable Odds-Ratio z-statistic 

Radicalization Duration Value Missing 0.756** -2.45 

Age Value Missing 0.360*** -4.00 

Education Value Missing 0.835 -1.47 

Employment Value Missing 1.258** 2.03 

Control Variables   

Radical Islamist Extremist 3.653*** 7.13 

Radical Far-Right Extremist 1.982*** 4.72 

Radical Far-Left Extremist 0.493*** -3.96 

Gender (Male = 1) 1.740*** 3.16 

Exposed in 1960s 1.118 0.46 

Exposed in 1970s 1.601** 2.30 

Exposed in 1980s 1.174 0.88 

Exposed in 1990s 0.610*** -2.99 

Exposed in 2000s 0.461*** -5.47 

Constant 0.846 -0.70 

Sample Size 1,867  

Likelihood Ratio χ2-statistic 246.55***  

McFadden’s Pseudo-R2 0.0976  



 

 

 

Table 9:  Missing at Random Check—Matrix of Pearson’s Correlation Coefficient Illustrating the Relationship 

Between Missingness Among Variables. (PIRUS 2017)  

1,867 

observations 

Radicalization 

Duration 

Missing 

Age 

Missing 

Education 

Missing 

Employment 

Missing Decade 

Radical 

Islamist 

Extremist 

Radical Far-

Right 

Extremist 

Radical 

Far-Left 

Extremist 

Radical 

Single-Issue 

Extremist Violent 

Radicalization 

Duration 

Missing 

1.0000          

Age Missing 0.1144 1.0000         

Education 

Missing 
0.3723 0.1179 1.0000        

Employment 

Missing 
0.2915 0.1407 0.3770 1.0000       

Decade -0.0524 -0.1163 -0.0744 -0.1035 1.0000      

Radical Islamist 

Extremist 
-0.2117 -0.0624 -0.2744 -0.2275 0.4543 1.0000     

Radical Far-

Right Extremist 
0.1708 -0.0168 0.2863 0.1300 0.0187 -0.4644 1.0000    

Radical Far-

Left Extremist 
-0.0816 0.0247 -0.1095 0.0432 -0.3312 -0.2609 -0.3738 1.0000   

Radical Single-

Issue Extremist 
0.0991 0.0666 0.0498 0.0460 -0.2049 -0.2686 -0.3849 -0.2161 1.0000  

Violent -0.0764 -0.1165 -0.0569 -0.0316 0.0907 0.1951 0.0584 -0.2227 -0.0730 1.0000 
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Table 10: Variance Inflation Factors for Primary 

Regressions 1 and 2.† (PIRUS 2017) 

 

Variable 

VIF for 

Complete Case 

Regression 

VIF for Sub-group 

Mean Imputation 

Regression 
Age 11.15 9.33 

Gender (Male = 1) 10.98 9.39 

Employed 5.50 8.88 

Radical Islamist Extremist 4.55 3.41 

High School Graduate 4.46 10.47 

Radicalization Duration 2 4.21 3.25 

Radicalization Duration 1 3.88 8.20 

Radical Far-Left Extremist 3.01 3.08 

Post-Secondary Graduate 2.90 5.19 

Radical Far-Right Extremist 2.66 6.08 

Studying 2.52 1.55 

Advanced Degree Graduate 2.40 2.00 

Exposed in 2000s 1.92 2.30 

Exposed in 1970s 1.89 1.82 

Exposed in 1990s 1.79 1.91 

Exposed in 1960s 1.74 1.55 

Exposed in 1980s 1.48 1.64 

Mean VIF 3.94 4.71 

†Note: For the MICE regression, the FMI-statistic in Table 2 indicates the  

variance for each variable due to the fraction of missing information. 
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