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ABSTRACT 

KINETIC ACTION AND RADICALIZATION: THEORY, DATA, AND MODEL 

Brandon A. Shapiro, Ph.D. 

George Mason University, 2021 

Dissertation Director: Dr. Andrew Crooks 

 

Drone strikes appear to drive terrorist events with a lag that can be determined 

analytically. There is an ongoing debate as to the net value of drone strikes when all 

unintended consequences have been evaluated. Those in current and previous U.S. 

administrations have argued that the benefits of conducting drone strikes outweigh their 

costs. Others, however, have cited unintended consequences, such as collateral damage, 

which might muddy the waters when senior decisionmakers within the defense and 

intelligence communities decide to develop and execute various strategies to combat 

terrorism. Even previous U.S. administrations have questioned whether the Global War 

on Terrorism was successful in reducing the threat. A data-driven approach explores the 

relationship between drone strikes and subsequent responses—often in the form of 

terrorist attacks—carried out by those in the communities targeted by these 

counterterrorism measures. This research uses natural language processing, social 

network analysis, and other text analytic techniques to characterize the air and drone 
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strike narrative reported by the news media. Leveraging evidence gleaned from that 

exploratory analysis, along with data collected from a variety of other sources, this 

research builds a computational agent-based model of opinion dynamics and applies it to 

the case study of Pakistan. Analysis of the drone strike campaign in Pakistan and terrorist 

attacks carried out in that country shows that the two series are highly correlated with a 

lag structure. A simple model—which accounts for drone strikes in Pakistan and 

previously-conducted terrorist attacks in that country—explains nearly 100 percent of the 

variability of the terrorist attacks occurring in Pakistan during the entirety of the U.S. 

drone strike campaign. By using data from Pakistan to inform and build an agent-based 

model to simulate the dissemination of opinions through a notional terrorist network to 

generate terrorist attacks, which approximates the rate and magnitude observed in 

Pakistan from 2007 through 2018, this dissertation advances the field while at the same 

time laying the foundation for further work in the area of data-driven modeling and 

kinetic actions. 
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CHAPTER ONE. INTRODUCTION 

The introductory chapter lays out the motivation behind this dissertation. Section 

1.1 summarizes sentiments of the American and international public who either favor or 

oppose the use of military drone strikes to target certain populations. Section 1.2 follows 

with the research questions this dissertation seeks to address while Section 1.3 concludes 

with an overview of the remaining dissertation’s structure.  

Section 1.1 Motivation of this Dissertation 

Since the events of September 11, 2001 (9/11), kinetic actions in the form of 

drone strikes have become a tool for the United States (U.S.) as it fights a global war 

against terrorist organizations. The advantages and disadvantages of this particular 

counterterrorism option continue to be debated. Instead of sending in warfighters to 

achieve specific objectives, many argue that drones provide the U.S. military and 

government with low-risk and low-cost options as it engages in military operations in 

other regions of the world. Compared with manned fighter aircraft, some of these 

unmanned vehicles can fly longer without stopping, which affords the U.S. with 

increased intelligence collection and additional targeting opportunities. Even if the 

unmanned aircraft was shot down, there is not the worry that an individual would be 

captured or killed as a result of that unfortunate incident. However, the opposing 

arguments are voiced just as strong. Those individuals claim that the intelligence on the 
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ground—that is, the information collected by the Intelligence Community and 

warfighters—is not sufficient for targeting purposes. Conducting drone strikes using 

incomplete intelligence might lead to deaths of civilians or friendly forces. Risk, too, is a 

challenging concept. The connotation of risk mitigation in the context of the drone strike 

conversation is typically associated with the risk to pilots and the supporting aircraft 

crew. During drone strike operations, if misinformation leads to deaths of individuals 

other than the intended targets, there is an increased risk to civilian and friendly forces, as 

well as the potential for escalation of the situation, all of which must be incorporated into 

the decision calculus. 

The U.S. has been conducting drone strikes in Pakistan, Yemen, Somalia, 

Afghanistan, and Libya since 2002, and these operations have been reported by local and 

national media.1 In 2012, Mr. Brennan, Assistant to the President for Homeland Security 

and Counterterrorism, outlined the administration’s counterterrorism strategy aimed to 

“protect the safety and security of the American people” (Brennan 2012). Members of the 

administration, including the general counsel at the Department of Defense (DoD) and 

the U.S. Attorney General, concluded that the U.S. targeted strikes were legal. In 

accordance with international law, the U.S. is justified in using force consistent with its 

“inherent right of self-defense.” Brennan (2012) also argued the strikes are ethical and 

proportional, conducted out of necessity, conform to the principle of humanity, and 

reduce the danger to U.S. personnel. 

                                                 
1 Other countries, including the United Kingdom and Israel, have also executed drone strikes in combat. 
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Though the U.S. has been conducting drone strikes against terrorists since the 

events of 9/11, the polling of the U.S. public opinion of that specific counterterrorism 

tactic has only been documented more recently. Table 1 summarizes the results from 

several, national-level public opinion polls conducted between 2011 and 2020. These 

results show that while some Americans approve of killing of U.S. citizens who are 

suspected of terrorism, more are strongly in favor of carrying out drone strikes against 

those who are suspected of terrorism, who are not U.S. citizens, and who reside outside 

of the U.S. borders. 

 

Table 1. Select American public opinion polling for use of drone strikes to kill suspected terrorists, 2011-2020. 
Survey Question Reported Results Source 

Are missile strikes against suspected 
terrorists in Pakistan and Yemen 
effective or an ineffective strategy at 
reducing the threat of terrorism against 
the U.S.? 

Effective: 77% (46% very, 30% 
somewhat) 

Ineffective: 21% (11% somewhat, 
10% very) 

The Washington Post 
(2011) 

Do you approve or disapprove of the use 
of unmanned “drone” aircraft against 
terrorist suspects overseas? 

Approve: 83% (59% strongly, 23% 
somewhat) 

Disapprove: 11% (7% somewhat, 
4% strongly) 

The Washington Post 
(2012) 

If you approve of drone aircraft, what if 
those suspected terrorists are American 
citizens living in other countries? 

Approve: 79% 
Disapprove: 17% 

The Washington Post 
(2012) 

Do you favor or oppose the U.S. using 
unmanned aircraft or drones to carry out 
bombing attacks against suspected 
terrorists in foreign countries? 

Favor: 71% 
Oppose: 20% 

CBS News (2013) 

Do you favor or oppose the U.S. 
targeting and killing of American 
citizens in foreign countries who are 
suspected of carrying out terrorist 
activities against the U.S.? 

Favor: 49% 
Oppose: 38% 

CBS News (2013) 

Do you approve or disapprove of the 
U.S. conducting missile strikes from 
pilotless aircraft called drones to target 
extremists in countries such as Pakistan, 
Yemen, and Somalia? 

Approve: 56% 
Disapprove: 26% 

Dimock, Doherty, and 
Tyson (2013) 
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How concerned (very/somewhat) are 
you about whether drones endanger 
civilian lives, lead to retaliation from 
extremists, are conducted legally, and 
damage America’s reputation? 

Civilian lives: 53% / 28% 
Retaliation: 32% / 33% 

Legality: 31% / 35% 
Reputation: 26% / 31% 

Dimock et al. (2013) 

Do you favor or oppose the use of 
unmanned aircraft to kill suspected 
members of al-Qaeda and other 
terrorists? 

Favor: 64% 
Oppose: 12% 

NBC News/Wall Street 
Journal (2013) 

Do you want to see the drone program 
continued, or should it be changed and 
modified? 

Continued: 42% 
Changed and modified: 28% 

NBC News/Wall Street 
Journal (2013) 

Do you approve/disapprove of the U.S. 
using unmanned aircraft to kill a 
suspected terrorist in a foreign country, 
kill a suspected terrorist in a foreign 
country if the suspect is a U.S. citizen, 
kill a suspected foreign terrorist on U.S. 
soil, or kill a suspected terrorist who is a 
U.S. citizen on U.S. soil? 

Abroad: 74% / 22% 
Abroad, U.S. citizen: 60% / 36% 

U.S. soil: 56% / 40% 
U.S. soil, U.S. citizen: 45% / 50% 

Fox News (2013) 

Do you approve or disapprove of the 
U.S. conducting missile strikes from 
pilotless aircraft called drones to target 
extremists in countries such as Pakistan, 
Yemen, and Somalia? 

Approve: 58% 
Disapprove: 35% 

Pew Research Center 
(2015) 

U.S. airstrikes support the war on terror 
and protect American lives, but also kill 
some civilians. The U.S. should not use 
airstrikes if it means killing innocent 
lives. What do you think? 

General population / voted for 
Trump in 2016 primaries 

 
Agree: 64% / 26% 

Disagree: 36% / 74% 

Ron, Lavine, and Golden 
(2019) 

Do you approve or disapprove of the 
decision to order the airstrike that killed 
Iranian military commander Qassem 
Soleimani? 

Approve: 43% 
Disapprove: 38% 

Not sure: 19% 

HuffPost/YouGov 
(2020) 

 
 

Despite an abundance of national-level, public opinion polls measuring and 

reporting U.S. public support for drone strike operations, the rationale behind the public’s 

support and strength of that support are not available. Wanting to characterize and 

quantify the public’s support (or lack thereof) for manned and unmanned operations, 

Schneider and Macdonald (2016) designed a series of survey questions with experimental 

scenarios to understand the circumstances where the U.S. public prefers one platform 
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over another. The results showed that the U.S. public was not generally able to 

differentiate between manned and unmanned platforms, but the American public was 

more likely to support unmanned operations over manned operations. However, the 

preference for using a drone platform was lower when civilians were present and when 

the risk to the aircraft crew was low. While Americans tend to favor this counterterrorism 

strategy employed by the U.S. to kill suspected terrorists, the global landscape holds a 

different opinion. Nearly ninety percent of the countries surveyed oppose U.S. drone 

strikes targeting extremists in countries such as Pakistan, Yemen, and Somalia (Pew 

Research Center 2014). Though much of the U.S. population supports the use of 

government-sanctioned drone strikes to eliminate suspected terrorists overseas, the 

academic literature and anecdotal evidence appearing in the near-real-time media suggest 

there might be linkages between the use of drone strikes and increasing discontent among 

select groups of people in those targeted countries. 

A variety of circumstances, including news and media reporting, as well as 

research projects undertaken at my current place of employment, have motivated this 

particular effort. However, the impetus for exploring possible correlations between U.S. 

counterterrorism operations and the rise of individuals choosing to join opposition groups 

to achieve change (i.e., terrorist organizations) stems back to Secretary of Defense 

Rumsfeld’s question he put forth to his staff to determine whether the U.S. was winning 

or losing the Global War on Terror, as shown in Figure 1. 
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Figure 1. Secretary of Defense Rumsfeld's "snowflake" memo, dated 16 October 2003 [highlighting added]. 
Source: Rumsfeld (2003). 

  

In these current, hyperconnected times where data volume (i.e., hundreds of 

millions of smart phones and other connected devices sending a variety of information 

throughout the network infrastructure), variety (i.e., multiple types of values, new data 

formats including audio and video files, and application of the data), veracity (i.e., 

trustworthiness and accuracy of the data), and velocity (i.e., the delay between receiving 

data and analyzing them have decreased) continue to expand, individuals should be able 

to offer insights into Secretary of Defense Rumsfeld’s question by leveraging the 

availability of data and information to conduct quantitative analysis. Each record or data 

point contains multiple attributes and variables such that when they are put together 
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provides a more holistic context for the record. This research effort took advantage of 

today’s data-rich environment and do just that by applying applications of computational 

social science methodologies and tools (e.g., text and sentiment analysis, concept 

mapping, opinion dynamics, and agent-based modeling) to explore the relationships 

between counterterrorism operations—that is, both manned and unmanned air strikes—

and the populations targeted by those strikes.  

Through the lens of opinion dynamics, this research seeks to examine the linkages 

between U.S. air strikes (manned and unmanned) and increasing grievances/feelings of 

disenfranchisement among these groups of people from two perspectives: (1) how the 

news media portrays the sentiment “on the ground” in those affected countries following 

the U.S. carrying out its counterterrorism operation and (2) an exploration of one or more 

of those “metrics” that empirically addresses Secretary Rumsfeld’s question he 

articulated and put forth to his staff in Figure 1. 

Section 1.2 Research Questions 

This dissertation addresses the following three research questions by conducting 

text analytics/text mining on collected news articles: 

RQ1: What effect do air strikes (either manned or unmanned) have on the 

targeted population’s level of discontent and grievance from 2002 through 2018? 

RQ2: To what extent is the measurable change in expressed negative sentiment 

observed within Pakistan from 2004 through 2018 linked to drone strikes and to actual 

terrorist actions in time?  
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RQ3: What are the geographic locations, key actors, and underlying 

topics/concepts captured and characterized by the printed news articles from 2002 

through 2018, and how are these three dimensions linked together in the 

counterterrorism narrative framed by those news sources? 

Today’s global connectedness fosters the exchange of communication and 

exchange of ideas in near-real time among individuals. This presents challenges for the 

U.S. government. If it chooses to carry out military operations against particular 

individuals in one region, the U.S. must prepare for possible amplification of opinions 

and sentiments stemming from those attacks in other parts of the world. Though the Arab 

Spring movement did not erupt as a result of a U.S. drone strike, the reverberation 

throughout the region, as shown in Figure 2, via either traditional news outlets or social 

media platforms is illustrative of the decision calculus to which the U.S. must be 

cognizant (e.g., Crooks et al. 2014; Stefanidis, Crooks, & Radzikowski 2013). 
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Figure 2. Arab Spring movement as captured by select media outlets. Note: The countries in red are those which 
experienced a series of protests and demonstrations. Sources of images: REUTERS/Khaled Abdullah (3 
February 2011), Khaleej Times (4 February 2011), and The National (22 Aug 2011). 

 

After investigating connections between U.S. counterterrorism operations and 

discontent among certain population groups in Chapter 4, I explore the driving factors in 

Pakistan that might attract individuals to join these organizations, as well as the 

conditions in that country which provide both the foundation and fertilization for these 

terrorist cells to flourish. I use these discovered observations and outcomes to inform the 

development of an agent-based model (ABM) of opinion dynamics and radicalization to 

characterize and simulate the dissemination of opinions through a notional terrorist 

network to analyze patterns of terrorist attacks in an attempt to answer the last question of 

this dissertation: 

RQ4: What observed characteristics or underlying processes in Pakistan explain 

the frequency in terrorist activity subsequent to drone strikes? 

4 Feb 2011

22 Aug 2011

3 Feb 2011
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Rather than developing an abstract model based solely on beliefs, hypotheses, and 

theories without data to guide the modeling framework and assumptions, it would be 

better to address these questions by exploiting today’s data-rich environment and 

construct a data-informed ABM built upon opinion dynamics and radicalization theories. 

Doing so leverages the data to inform agent behaviors, characteristics, and decisions. 

Consistent with the research in the field (e.g., Bell & Mgbemena 2018; Rand 2019), I 

built an ABM (Chapters 3 and 5) that is both theoretically- and empirically-grounded by 

optimizing the parameters (i.e., calibrating the input parameters to ensure the output of 

the model quantitatively agrees with the data) and employing a rule induction/mining 

approach (i.e., inferring and deriving agent rules directly from the collected data) to 

address the fourth and final research question of this dissertation. 

Section 1.3 Structure of Dissertation 

This dissertation is organized into six chapters. Chapter 1 laid out an introduction 

to the main research and motivations for undertaking this effort. Next, Chapter 2 provides 

a review of the literature, describing the scholarly work that has shaped the fields of 

radicalization and opinion dynamic modeling. Chapter 3 develops a computational model 

based on opinion dynamic theory. Following this, Chapter 4 explores the connections and 

linkages among locations, key actors, and concepts highlighted in news reporting of U.S. 

counterterrorism operations (i.e., manned and unmanned air strikes). Chapter 5 leverages 

the computational model developed in Chapter 3, and applies it to a case study of 

Pakistan using the empirical evidence collected in Chapter 4. Lastly, Chapter 6 concludes 

with synthesized findings of the research and offers recommended further areas of work. 
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CHAPTER TWO. LITERATURE REVIEW 

This chapter presents an overview of radicalization frameworks and theories 

(Section 2.1) and how these ideologies might spread and influence others using a 

modeling framework of opinion dynamics (Section 2.2). The chapter concludes with a 

discussion of prior research incorporating computational models that leveraged various 

empirical methods, including social network analysis and regression analysis, in the 

similar national security and terrorism trade space (Section 2.3). 

Section 2.1 Radicalization 

There does not appear to be a consistent, agreed-upon, or commonly-accepted 

working definition of radicalization within either the U.S. Government or among those in 

the academic community. For example, the U.S. National Counterterrorism Center and 

the Federal Bureau of Investigation used one definition of radicalization, which they 

indicated was the “process by which individuals come to believe their engagement in or 

facilitation of nonstate [sic] violence to achieve social and political change is necessary 

and justified” (e.g., Hunter & Heinke 2011; National Counterterrorism Center 2010). The 

U.S. Department of Homeland Security had previously stated that radicalization was “the 

process of adopting an extremist belief system, including the willingness to use, support 

or facilitate violence as a method to effect societal change” (United States House of 

Representatives 2006). 
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A reason for the noted inconsistencies with the working definition of 

radicalization across various government agencies and organizations is attributed to the 

depiction of the process and progression by which people come to adopt radical ideology. 

The radicalization trajectory from inception of an idea to execution of violent acts must 

be characterized as a set of “complex pathways,” as opposed to a singular linear process 

(e.g., Jensen, Seate, & James 2020). Sageman (2004; 2008) also echoed these ideas and 

stressed that radicalization, as well as the formation of terrorist networks, behaved as 

complex adaptive systems. These inherent complexities and non-linearities were likely 

reasons why the Defense Science Board (2012) concluded that there was no way to stop 

all targeted violence because no “effective formula for predicting violent behavior with 

any degree of accuracy” currently existed. 

In fact, the Defense Science Board (2015) follow-on study found “no single 

template or standard progression” for people to become radicalized or choose violence. 

The convened task force also identified factors which might influence or make somebody 

susceptible to radicalization. It characterized and binned those factors into the following 

categories: personal (e.g., demographic background), group (e.g., embracing a larger 

entity that shares a set of collective grievances which might prompt the individual to 

participate in extremist activities), community (e.g., grievances combined with a lack of 

societal distrust may encourage a community to adopt a radical ideology), sociopolitical 

(e.g., conditions in society that could reinforce existing beliefs), and ideological (e.g., 

provides an interpretive framework for world events). 
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A review of the academic literature on radicalization confirmed that there is not a 

specific formula or recipe for the radicalization process, or even a single model that 

described the choices by individuals to carry out terrorist activities (e.g., Borum 2011a; 

2011b; della Porta 2018; Horgan 2017; Kruglanski, Belanger, & Gunaratna 2019; Kuznar 

& Lutz 2007; Marsden 2020; McCauley & Moskalenko 2008; 2017; Moghaddam 2005; 

Orsini 2020; Sageman 2004; 2008; Silber & Bhatt 2007). Despite differences in the 

definition of radicalization and how people might move along the ideological spectrum, 

many agree that it is appropriate to characterize and describe radicalization as a process. 

Silber and Bhatt (2007), for example, discovered that several post-9/11 terrorist 

attacks were conceptualized and planned by “unremarkable” local individuals who cited 

al-Qaeda as their inspiration. The authors defined the radicalization trajectory as a four-

phase process (i.e., pre-radicalization, self-identification, indoctrination, and 

jihadization). Other academic frameworks characterized the progression of individuals to 

commit terrorist acts as a narrowing staircase (Moghaddam 2005), influenced by 

organizations that served as a conveyor belt which conditioned them for recruitment by 

more extreme terrorist organizations (Baran 2005), or even a metaphorical pyramid 

where ideas become more extreme and the tendency for violent actions become more 

likely as individuals ascend toward the top of the pyramid (McCauley & Moskalenko 

2008; 2017). 

Though many within the academic community presented a variety of diverse 

frameworks identified by different names in an attempt to explain the radicalization 

journey of an individual, many of these theories exhibited overlapping assumptions and 
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themes, such as individuals with feelings of insignificance who look for opportunities to 

shed their current social identity for a new one (e.g., Doosje et al. 2016). As a result, 

those individuals might connect with small, tightly-knit groups, thereby isolating 

themselves from others. These interactions over time serve as a reinforcing mechanism, 

or echo chamber, to foster radical beliefs (e.g., della Porta 2018; Orsini 2020). 

What was clear, however, was none of the theories agreed on the amount of time 

necessary for an individual to progress between stages along the proposed radicalization 

timelines. Likely, the differences among the postulated temporal scales were due to 

insufficient (or non-existent) empirical data at the necessary level of granularity. In other 

words, it is impossible to know the exact moment when somebody became radicalized. 

Despite the ongoing debate over the duration of time it took for an individual to progress 

between one stage and the next along the radicalization timeline, many in the academic 

field agreed that the overall radicalization trajectory shortened due to the technology 

boom, including the Internet and social media platforms, that made content available to 

the masses instantly (e.g., Klausen, Libretti, Hung, & Jayasumana 2020; von Behr, 

Reding, Edwards, & Gribbon 2013). A more detailed, in-depth discussion of the 

radicalization literature is found in Appendix A. 

Based on research, it is clear there are disagreements and inherent biases which 

exist among those in the academic community for several reasons. One is the definition 

of radicalization. Those in the field seem to divide radicalization into two categories: 

individuals who possess extremist thoughts (e.g., Holbrook & Horgan 2019) and those 

who act on those extremist ideologies through the use of violence against people or non-
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combatant targets (e.g., Jensen et al. 2020). For this dissertation, I focus on the latter. 

Violent acts are quantifiable variables reported by the news and social media, and also 

catalogued in datasets which I can leverage when parameterizing or stylizing an 

artificial/simulated world against collected empirical evidence to measure qualitative 

agreement against real-world, observed behaviors and statistics (Chapter 5). 

Another reason for the observed disagreements in the academic literature are the 

terms themselves. Throughout this dissertation, I have used the words “radicalization” 

and “extremism.” Both are charged terms, or words filled with emotion, measured in the 

eye of the beholder. Put another way, one man’s terrorist is another man’s freedom 

fighter. These loaded terms come with preconceived notions and misconceptions about 

the socioeconomic backgrounds of those who engaged in terrorist activities. Research 

into the backgrounds of terrorists, however, show that recruits of these organizations 

typically have financial means and an education (e.g., Hudson 1999; Krueger & 

Maleckova 2002). 

A third reason is because terrorist network systems and radicalization pathways 

are systems not easily predicted using a structured methodology. Rather, they are 

complex adaptive systems whereby individuals might not progress linearly along the 

spectrum of self-radicalization (e.g., Jensen et al. 2020). When academic scholars 

continue to write about and debate this topic, they must remember they are outsiders to 

these activities. What might be considered foreign or reprehensible to Westerners is 

viewed as a rejection of Western culture deemed unacceptable by those carrying out the 
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violent acts (e.g., Ahmed 2005; Loza, Bhawanie, Nussbaum, & Maximenco 2013; 

McCauley 2002; Sageman 2017). 

As stated earlier in this section and expounded upon in Appendix A, many have 

published studies on radicalization. However, the jury is still out on possible trigger 

points causing some to journey down this ideological path and choose violence as a 

means to try and enact political change. Despite funding and years of research, even 

Sageman (2014) noted that this field is no closer to determining what cause people to 

resort to political violence. It is the intent of this research effort, therefore, to leverage 

computational approaches and techniques in Chapters 3 through 5 in order to offer 

additional insights into radicalization which are viewed by the academic community as 

scholarly contributions to this already-existing body of knowledge. 

Section 2.2 Opinion Dynamics 

The field of opinion dynamics focuses on the evolution of an individual’s opinion 

over time within a community. In today’s twenty-four hour news cycle coupled with the 

prevalence of social media, people are continually bombarded with snippets of 

information. Thrall (1996) explored the changing role of the media’s coverage of war, but 

more importantly, the relationship between the media and the U.S. government. During 

the Vietnam War, or what some referred to as the “first television war,” journalists freely 

moved around the country without military supervision. Journalists agreed to self-censor 

their material in return for access to the war zone as well as assistance in getting their 

material back to the U.S. By the First Gulf War, however, the U.S. government restricted 

the number of journalists and their movements in the country. The U.S. also subjected the 
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journalists’ stories to a security review because advancing technological capabilities 

allowed reporters to transmit material back to the U.S. from nearly every location on the 

globe. The U.S. government feared that journalists—now armed with the immediacy to 

disseminate information—could inadvertently damage operational security, and by doing 

so, aid the enemy. 

Just over ten years after the conclusion of the First Gulf War, the information 

landscape had undergone another transformation which, yet again, impacted the 

international security landscape. The television networks, including CNN, extensively 

covered the First Gulf War, but the news was more “controlled.” By the Iraq War and 

certainly with the events surrounding the Arab Spring, people in the digital age likely 

received more news updates via social media platforms than from mainstream or 

traditional media outlets (e.g., Bergstrom & Belfrage 2018; Boczkowski, Mitchelstein, & 

Matassi 2018; Kraft, Krupnikov, Milita, Ryan, & Soroka 2020; Stefanidis, Crooks, 

Croitoru, Radzikowski, & Rice 2014; Thrall, Stecula, & Sweet 2014). While 

dissemination of information was more fast-paced and much less controlled by the 

government, the use of social media platforms introduced numerous complexities into the 

journalistic practice, including the need not only to verify the reporting, but also provide 

context of the raw information to the consumers (e.g., Sacco & Bossio 2015; 2017). 

People have been impacted by social pressures for many years and have been 

shown to conform to the consensus of the group, or majority view, even if the answer 

they believed to be true was incorrect (Asch 1951). Conducting later experiments, Asch 

(1955) demonstrated that the size of the opposition was important, but only up to a point. 
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Individuals chose the wrong answer with higher error rates in groups where up to three 

others challenged and/or contradicted their answers. However, any further increase in the 

size of the majority did not increase the pressure for those individuals to continue to 

choose incorrect answers. Though others have studied group size to understand the 

impacts it might have on consensus of the group, Perrin and Spencer (1981) were not able 

to produce the conformity results reported in the experiments of Asch (1951; 1955; 

1956). They concluded there must have been a change in the cultural times. During the 

1950s, the U.S. was absorbed in McCarthyism and deeply committed to the Korean War. 

The 1970s and early 1980s, however, were times when students more-freely questioned 

the roles and responsibilities of the government and societal norms. 

Conformity studies were not completely equivalent to the effects observed with 

groupthink because those studies did not typically allow for active discussions amongst 

the participants, and the decisions coming out of those studies did not have “real life” 

consequences. The groupthink model proposed in Janis (1971), which stemmed from 

studies of “fiascos” and faulty decisions by policymakers in history (e.g., Bay of Pigs, 

conveying to the North Vietnamese that the U.S. would use its power, and the failure to 

prepare for an attack on Pearl Harbor despite repeated warnings), outlined eight main 

symptoms exhibited by decision makers, including morality and pressuring those who did 

not agree with the group’s shared beliefs. Baron (2005) offered a revised groupthink 

model that was more ubiquitous than outlined in Janis (1971). Rather than only occurring 

under more “restrictive conditions” (e.g., crisis and observed hierarchical leadership), 

which Baron (2005) conceded likely amplified the intensity of the groupthink, he 
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believed this groupthink phenomenon was more commonplace, and could even occur 

among “trivial groups.” 

Individuals interacting within social networks to exchange ideas and opinions, to 

include conformity or groupthink settings, behave as complex adaptive systems. In these 

environments, heterogenous agents act simultaneously, or in parallel, with one another to 

make decisions, and also choose with whom to interact (e.g., Holland 1992; 2006). The 

self-organization of opinion formation (i.e., a complex phenomenon arising from non-

linear behaviors and dependencies among the various elements of the system) emerges 

from a simple set of rules governing each of the agents (e.g., Axtell & Epstein 1994). 

ABMs are well-suited to handle complex adaptive systems, including those which 

involve the dissemination of opinions. Through their bottom-up modeling approach, 

ABMs capture emergent phenomena by simulating individual actions of heterogeneous 

agents (e.g., Crooks, Malleson, Manley, & Heppenstall 2019; Crooks & Heppenstall 

2012; Miller & Page 2007). 

Early work of opinion dynamics by social psychologists served as the building 

blocks for other social scientists who sought to study and understand changing attitudes 

for a variety of issues, including the changing tone exhibited by propaganda material 

disseminated by terrorist organizations. Though difficult to describe, track, and evaluate 

people’s emotions along a temporal scale, there were two distinct categories of opinion 

dynamic models which attempted to characterize those ever-changing opinions and 

sentiments: discrete and continuous opinion dynamics. For ABMs of continuous opinion 

dynamics, each agent’s opinion was measured by a variable that changed over time; 
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however, this was also a criticism. Existing literature currently lacked a detailed 

documentation and understanding of spontaneous in-group cooperation (Alizadeh, Cioffi-

Revilla, & Crooks 2015). In simulated environments, opinions of agents continually 

updated. Due to an absence of empirical validation, however, the timing of those updated 

opinions might not resemble the dynamics of reality (e.g., Moussaid, Kammer, Analytis, 

& Neth 2013; Sobkowicz 2009). As discussed in Section 1.2, advances in the field of 

data-driven ABMs have begun to address some of these noted shortcomings. 

In discrete cases, binary values were chosen to represent either “yes” or “no” for 

the particular agents in the model. Several discrete opinion dynamic examples included 

the Sznajd model (Sznajd-Weron & Sznajd 2000), which stated that when members of a 

pair had the same opinion, their nearest neighbors agreed with them. When members of a 

pair had differing opinions, then the nearest neighbor of each member disagreed; the 

classic voter model (Clifford & Sudbury 1973; Holley & Liggett 1975) where each node 

updated its opinion to match that of a randomly-selected neighbor; the Galam majority-

rule model (Galam 2002) where a community of randomly-selected agents, who were 

able to communicate with all other agents in a fully-connected network, replaced their 

own opinions with that of the majority opinion; and the social impact model (Nowak, 

Szamrej, & Latane 1990) where opinions of the agents changed only if the effect from the 

opposing group was larger than the supporting group. The Axelrod (1997b) cultural 

diffusion model was a multi-dimensional model because it incorporated “multiple 

coupled voter models” (Hu 2017). An agent’s culture might be described in terms of its 

attributes with the overall cultural distance between two agents expressed as the 
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percentage of features that do not match between the two. In the discrete models above, 

agents were influenced by neighbors (i.e., spatial proximity and interaction networks), 

and updated their opinions based on imitation or majority rule. 

There are many instances, however, where representing an agent’s opinion with a 

binary variable might not be suitable. For these continuous cases, the opinions of the 

agents vary smoothly over a range [-1, 1], where +1 indicates full support, -1 indicates 

complete opposition, and 0 represents a neutral position. Continuous bounded confidence 

models, a subset, are ones where agents choose to interact with others who possess 

similar opinions to their own (e.g., Kou, Zhao, Peng, & Shi 2012). If the opinions of two 

agents are too far apart, then they will not influence each other. 

Two main categories of continuous opinion dynamics models under bounded 

confidence are Deffuant and Weisbuch (Deffuant, Neau, Amblard, & Weisbuch 2000), or 

DW models, and Hegselmann and Krause (Hegselmann & Krause 2002), or HK models. 

DW models best describe the opinion dynamics when people met face-to-face and HK 

models depicted interactions of many people occurring at the same time. These two 

models typically resulted in convergence into clusters of agents, all of whom share the 

same opinion (e.g., Blondel, Hendrickx, & Tsitsiklis 2009; Ceragioli & Frasca 2012).  

In the DW model, at each time step, two agents readjust their respective opinions, 

x and x’, when the difference of their opinions is smaller than a threshold d (Equation 1); 

otherwise, their opinions remain unchanged. The assumption here is that two agents only 

interact when their opinions (i.e., x and x’) are already close. 
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Equation 1. DW threshold condition. 
|𝑥𝑥 − 𝑥𝑥′| < 𝑑𝑑  

 

Opinions for the two agents at time t and time t+1 are then adjusted according to 

Equation 2. 

 

Equation 2. DW opinion adjustment for agent x and agent x'. 
𝑥𝑥𝑡𝑡 = 𝑥𝑥 + 𝜇𝜇(𝑥𝑥′ − 𝑥𝑥) = 𝑥𝑥𝑡𝑡+1 and 𝑥𝑥′𝑡𝑡 = 𝑥𝑥′ + 𝜇𝜇(𝑥𝑥 − 𝑥𝑥′) = 𝑥𝑥′𝑡𝑡+1 

 

In Equation 2, µ is the convergence parameter on [0, 0.5] that controls how much an 

agent’s opinion changes with each interaction. Deffuant et al. (2000) showed isolated 

clusters/consensus form when opinion exchange is limited by similarly of opinions 

among agents. 

Whereas the DW model explores interactions between agent pairs, agents in the 

HK model synchronously update their opinions by taking a weighted average of the 

opinions expressed by all the other agents in the group under consideration whose 

opinions differ not more than a certain threshold, or confidence level, εi. An agent’s 

opinion at time t is expressed as 𝑥𝑥𝑖𝑖(𝑡𝑡); the weight given to any other agent j is denoted by 

𝑎𝑎𝑖𝑖𝑖𝑖; and the number of agents in the group under consideration is 1 ≤ 𝑖𝑖 ≤ 𝑛𝑛, all of which 

have an opinion difference with agent i no greater than the stated confidence level ε. The 

weights 𝑎𝑎𝑖𝑖1 + 𝑎𝑎𝑖𝑖2 + ⋯+ 𝑎𝑎𝑖𝑖𝑖𝑖 = 1 and 𝑎𝑎𝑖𝑖𝑖𝑖 ≥ 0 for all i, j. With these notations 
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established, the opinion formation and opinion update at time t+1 for agent i can be 

described as Equation 3. 

 

Equation 3. HK opinion adjustment of agent i at time t+1. 
𝑥𝑥𝑡𝑡+1 = 𝑎𝑎𝑖𝑖1𝑥𝑥1(𝑡𝑡) + 𝑎𝑎𝑖𝑖2𝑥𝑥2(𝑡𝑡) + ⋯+ 𝑎𝑎𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖(𝑡𝑡) 

 

Agent i adjusts its opinion in time period t+1 by taking a weighted average with 

weight 𝑎𝑎𝑖𝑖𝑖𝑖 for the opinion of agent j at time period t. As expressed by the earlier 

condition, a weight can be set equal to zero if agent i completely disregards the opinion 

of agent j. As ε increases, the number of final opinions decrease and the group of agents 

more easily reach a consensus opinion (Hegselmann & Krause 2002). Others have 

applied these theoretical opinion dynamic models to answer a variety of social science 

research questions, such as how in-group favoritism fosters radicalization (e.g., Alizadeh 

et al. 2015), the role social media plays in updating people’s information as they evacuate 

a natural disaster area (e.g., Du, Cai, Sun, & Minsker 2017), and an exploration of jury 

deliberations to reach a verdict (e.g., Burghardt, Rand, & Girvan 2019). 

Section 2.3 Prior Studies in a Similar National Security Trade Space Incorporating 

Computational Models 

Following the events of 9/11, the literature on terrorism increased in both the 

academic and government communities. Studies have examined the radicalization 

process and its connection to extremism and political violence (e.g., Cioffi-Revilla & 

Harrison 2011; Cioffi-Revilla & Rouleau 2010; Epstein 2002; Genkin & Gutfraind 2011; 



24 
 

Kirby 2007; Klausen, Campion, Needle, Nguyen, & Libretti 2016; Kruglanski et al. 

2014); utilized opinion dynamic modeling to understand the transmission and influence 

that sentiments may have on other individuals (e.g., Chen 2008; Deffuant 2006; Deffuant, 

Amblard, Weisbuch, & Faure 2002; Franks, Noble, Kaufmann, & Stagl 2008; 

Sobkowicz, Kashesky, & Bouchard 2012; Suo & Chen 2008; Weisbuch, Deffuant, 

Amblard, & Nadal 2008); and explored the organization dynamics of terrorists (e.g., 

Elliott & Kiel 2004; Klausen 2016; Leweling & Nissen 2007; Li, Duoyong, Zhu, & Li 

2015). Other areas of research that have explored the use of ABMs are cyber (e.g., 

Kotenko & Ulanov 2005; Rybnicek, Tjoa, & Poisel 2014); terrorism networks (e.g., 

Carley, Dombroski, Tsvetovat, Reminga, & Kamneva 2003; O'Neil 2012); evaluating 

strategic options to dismantle various terrorist networks structures (e.g., Keller, Desouza, 

& Lin 2010); and radicalization as terror management, or the existential threat of the fear 

of dying (e.g., Pyszczynski, Motyl, & Abdollahi 2009; Shults et al. 2018). 

Computational social science models and simulations are attractive because they 

can explore social and behavioral dynamics (e.g., radicalization, spread of opinions and 

ideas, and formation of terrorist networks) that might be difficult to observe in the real 

world. If the policymakers who use these decision support tools believe them to be 

usable, useful, and adoptable in a political environment often defined by tight timelines 

and limited resources, then these computational models likely provide insights into 

complex problems (e.g., McNamara, Trucano, & Gieseler 2011). However, these 

methodologies are not a “crystal ball.” Policymakers must understand their limitations—

including input data and modeling assumptions—and combine insights gained from the 
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models with other information and data points to make informed decisions and policy 

recommendations. Leweling and Sieber (2007) cautioned that the implementation of 

counterterrorism policy requires active management and must be frequently revisited to 

ensure undesirable effects are not introduced. 

ABMs can be applied to a complex system and address multiscale processes (e.g., 

Ozik, Sallach, & Macal 2008), such as radicalization and their resulting interaction 

network. They might also be able to offer decision makers new insights when choosing to 

conduct operations to combat terrorism. These models can explore different scenario 

options for using or not using drones during particular operations, as well as estimate the 

potential impacts on the political, military, economic, social, infrastructure, and 

information environment. However, to successfully implement an ABM, several issues 

must be addressed, including time scales, calibration, model verification and validation. 

Table 2 presents several studies from the published literature that have developed 

computational models or modeling frameworks to explore the radicalization process. The 

table identifies the modeling approach employed; radicalization frameworks and theories; 

implementation of interaction networks; temporal resolution; and whether or not there 

was any explicit discussion of calibration, verification, and validation.
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Table 2. Summary of radicalization studies incorporating a computational model. 
 
Work 

Modeling 
Approach 

 
Radicalization Theory 

 
Interaction Networks 

 
Time Scale 

Calibration / Verification / 
Validation 

MacKerrow (2003) Agent-based 
model 

Directed social grievance; social 
disadvantage; social repression; and 
allegiance transferred based on Young 
(1993) social bargaining theory  

Small world network 
similar to Jin, Girvan, 
and Newman (2001) 

Day Yes / No / No 

Berry et al. (2004) Agent-based 
model 

Relationships are formed based on the 
disgruntlement level of the agents and 
other traits (e.g., isolation, outgoing/shy, 
adherence to a mosque); agents become 
terrorists by belonging to a radical clique 
and interacting with a “bridge” agent who 
can connect that individual to a terrorist 
cell 

Five networks (world, 
mosque, acquaintance, 
strong bond, and 
clique) all of which 
appear to be random 
networks 

Day No / No / No 

Raczynski (2004) Agent-based 
model 

Agents of similar types (i.e., potential 
terrorist, potential anti-terrorist, or 
terrorist-supporting agent) will form a 
link if spatially close 

Tree-like structure 
(hierarchical) with 
leader and 
subordinates 

Notional time No / Yes / No 

Backus and Glass (2006) Agent-based 
model 
framework (no 
model) 

Dynamics of opinion formation based on 
Weisbuch, Deffuant, and Amblard (2005); 
agent activation to violence (i.e., 
grievance, hardship, and legitimacy) 
based on Epstein (2002); group 
reinforcement 

Not specified, but 
Weisbuch et al. (2005) 
explored scale-free 
networks to analyze 
extremist regimes 

N/A N/A 

Moon and Carley (2007) Agent-based 
model 

Spatial proximity and social distance 
impact group behavior and complex 
organizational structure which is defined 
by agents, knowledge, tasks, and locations  

Though not 
specifically stated, 
illustrations in paper 
suggest small-world 
network 

Notional time Yes / Yes / Yes 

Franks et al. (2008) Agent-based 
model 

Deffuant et al. (2002) relative agreement 
model; extremist agents who are the most 
influential (i.e., hub in highly-connected 
network) tend to have views converge to 
their way of thinking 

Small-world network, 
scale-free network 

Notional time No / Yes / No 

Watkins, Mackerrow, 
Patelli, Eberhardt, and 
Stradling (2008) 

(1) Agent-
based model 
and 
(2) System 
dynamics 

(1) Relative deprivation (Gurr 1970) and 
collective action (Lichbach 1996); (2) 
political exclusion of Islamists by 
authoritarian regimes may lead to 
violence (Hafez 2003) 

Not discussed Time steps are 
not defined, but 
appears to be run 
over 31 years 

Yes / No / No 
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Cherif, Yoshioka, Ni, and 
Bose (2010) 

Agent-based 
model 

Contagion process consisting of the non-
core group who have not come in contact 
with radical ideology (i.e., recruitment 
pool) and the core group who are either 
susceptible (S), semi-radical or moderate 
(I), and radical (R); the radical group is 
divided into foot soldiers and leaders 

Socio-spatial network 
that gives flexibility to 
generate wide-ranging 
behaviors from 
highly-clustered to 
small-world to random 

Notional time 
(spread of 
ideology is on a 
faster time scale 
than changes to 
network 
structure) 

No / Yes / No 

Cioffi-Revilla and 
Harrison (2011) 

Agent-based 
model 

Individual radicalization through 
cognitive transformation which requires 
traumatic grievance, indoctrination, and 
loss of killing inhibition 

Moore neighborhood Notional time Yes / Yes / Yes 

Genkin and Gutfraind 
(2011) 

Agent-based 
model 

Radicalization is dependent on isolation, 
clustering, and mean cell size: (1) high 
isolation where radicals are not connected 
or influenced by non-radicals leads to 
greater threat of violence; (2) closely knit 
or high degree of clustering can be 
precursor to terrorist cell; (3) large cells 
enjoy the benefit of collective action and 
can pull off sophisticated attacks that are 
not possible if each radical operated alone 

Hopfield (1982) social 
network 

Notional time Yes / Yes / Yes 

Alizadeh and Cioffi-
Revilla (2014) 

Agent-based 
model 

Opinion distributions are fat-tailed which 
means extremist opinions are more 
common than if individuals formed 
opinions based solely on homophily and 
differentiation 

Von Neumann 
neighborhood 

Notional time No / Yes / No 

Pruyt and Kwakkel (2014) System 
dynamics 

Model 1: radicalization brought about 
when real or perceived underlying 
phenomenon increases above some 
threshold 
Model 2: progression occurs from 
frustration due to marginalization and 
general frustration 
Model 3: reaction toward regime 

Model 3 references a 
social network, but 
provides no further 
information 

Notional time No / Yes / No 

Galam and Javarone 
(2016) 

Agent-based 
model 

Core agents (inflexible to change) and 
immigrant agents (can choose to be either 
peaceful toward core or oppose core); 
opponent state may lead toward violent 
activities and radicalization  

Local interactions, but 
provides no further 
information 

Notional time No / Yes / No 
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Gutierrez, Gaudout, and 
Amblard (2017) 

Agent-based 
model 

Agents create links due to random 
meetings or according to social similarity; 
these agents will then exchange ideas 
(i.e., social transfer mechanism) at social 
spots  

Berry et al. (2004) 
clique-based structure 
of a terrorist network 
and Axelrod (1997b) 
network for cultural 
transfer between 
agents 

Notional time No / No / No 

Short, McCalla, and 
D'Orsogna (2017) 

Mathematical 
model (game 
theoretic 
framework) 

Emerging sectarian groups are often led 
by fanatics who expand reach and 
influence in a failed nation state; unless 
very high rates of violence are employed, 
small groups of radicals become less 
extreme over time; radicalization takes 
two forms: (1) spontaneous process or (2) 
after personal discussions, social media, 
or mass indoctrination campaigns 

N/A N/A N/A 

Mendez, Sanchez-Rada, 
Iglesias, and Cummings 
(2018) 

Agent-based 
model 

Havens provide long-term funding and 
solidify group cohesion while training 
camps provide indoctrination; 
radicalization results from the spread of 
information and agents are influenced 
based on their connections to havens or 
training camps 

Small-world, scale-
free, and random 
networks 

Notional time No / Yes / No 

Zahedzadeh (2018) Agent-based 
model 

No specific discussion of radicalization, 
but terrorist recruitment efforts shaped by 
offensive counterterrorism measures 

Random placement of 
agents, but future 
work would explore 
networks 

Notional time Yes / Yes / Yes 

Pepys, Bowles, and 
Bouhana (2020) 

Agent-based 
model 

Leverages the IVEE framework, which 
assumes an individual vulnerability based 
on a person’s own morality and ability to 
exercise self-control (e.g., a person might 
believe that it is an acceptable action to 
commit an act of terrorism and might be 
easily influenced to do so), exposure to 
particular settings due to social networks 
or lifestyle preferences, and emergence of 
settings prone for radicalizing behavior 

No specific mention of 
the structure 

Week Yes / Yes / Yes 

 
 



29 
 

Shults and Gore (2020) Agent-based 
model 

Agents seek to achieve a desired 
significance level, but also exhibit several 
other characteristics, including both a 
willingness and ability to commit 
violence. The authors modeled the quest 
for personal significance to embrace a 
particular ideology off of Kruglanski et al. 
(2014), as well as the “needs, narrative, 
and networks” theory developed by 
Webber and Kruglanski (2016; 2018) 

No specific mention of 
the structure, but each 
agent is assigned a 
social network that 
mirrors real human 
social networks with 
approximately 135 
connections. 

Notional time No / No / No 

Rehman et al. (2021) Machine 
learning and 
natural 
language 
processing to 
detect 
radicalization 
content on 
social media 

Internet, social media platforms, and other 
online media facilitate the radicalization 
process because it not only allows for the 
spread of misinformation and propaganda 
but also fosters dialogue among like-
minded individuals; “activated” 
individuals have been observed to 
increase their use of religious terms while 
communicating over social media 

N/A N/A N/A 
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As highlighted throughout Section 2.3, including Table 2, computational models 

of radicalization have been developed within the academic and national security 

communities. Several additional studies leveraged empirical data to quantify the pattern 

of insurgent activity (Johnson et al. 2011), to reproduce the pattern of drone strikes using 

a mathematical model (Garcia-Bernardo, Dodds, & Johnson 2016), and to characterize 

the relationships between drone strikes and terrorist attacks (e.g., Eschenburg, Faber, & 

Knaack 2011; Jaeger & Siddique 2018; Mahmood & Jetter 2019; Mir & Moore 2019). 

For the latter set of these select studies, the authors concluded that drone strikes did lead 

to an uptick in terrorist activity, and that there was a lagged effect between the two. 

A data-driven, computational model of opinion dynamics stylized against real-

world data collected from news sources that incorporates radicalization and air strikes 

(manned or unmanned) into one body of research does not appear to exist. I am aware 

that Shah (2018) interviewed a diverse group of respondents in Pakistan to evaluate the 

validity of the drone strike blowback theory—that is, drone strike operations create more 

terrorists than they kill (e.g., Hudson, Owens, & Flannes 2011)—and used anecdotal 

accounts to argue that drone strikes were not the main cause for providing recruitment 

incentives for individuals at the local level. Rather, Shah (2018) argued that recruitment 

efforts stemmed from a variety of factors, including political grievances, weak 

governance, and coercive tactics by militant groups. Despite the rejection of the drone 

strike blowback claim by Shah (2018), this research effort demonstrates the potential to 

explore the extent to which there might be a connection or link. 
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Though not the final word on the subject, this body of research continues to move 

the field in the right direction by implementing a data driven, computational model to 

explore radicalization as a complex adaptive system. A review of the academic literature 

on data-driven modeling methods highlighted current approaches which incorporated 

machine learning techniques into computational ABMs, including model calibration. 

However, a lot of work remains at the intersection between these two fields due to a lack 

of extensive quality training data and challenges associated with implementing those 

technical algorithms (e.g., Augustijn, Abdulkareem, Sadiq, & Albabawat 2020; 

Augustijn, Kounadi, Kuznecova, & Zurita-Milla 2019; Bourdeau, Zhai, Nefzaoui, Guo, 

& Chatellier 2019; Dahlke et al. 2020; Giabbanelli 2019; Yao, Zhang, Lu, & Liu 2019). 
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CHAPTER THREE. COMPUTATIONAL MODEL OF OPINION DYNAMICS 
AND RADICALIZATION 

To examine competing ideas of radicalization highlighted in Chapter 2, I 

developed a computational ABM of opinion dynamics with simple rules to test theories 

of radicalization by examining the spread of ideas, information, and opinions through a 

notional social network to see what macro-level effects emerge from local interactions 

between agents (e.g., Axelrod 1997a; Edmonds et al. 2019; Epstein 2008). 

In today’s digital age, no longer are people’s networks limited to physical, face-

to-face interactions or constrained by geographic boundaries. The Internet, particularly 

online social media, has become a way for people not only to consume news but also 

communicate with others. Even though people remain skeptical and continue to question 

the accuracy of information posted to various social media sites, many prefer this 

platform to more “traditional” sources (i.e., printed newspaper, radio, or television) due 

to the ease at which they can access the content. With low costs to entry for both the user 

(i.e., the entity consuming the information) and the producer (i.e., the entity providing the 

content), the Internet has lowered or removed barriers altogether that previously existed 

due to geographical distance or social status. As long as there is Internet access, people 

can connect anywhere in the world, view any content, and communicate with anyone.2 

                                                 
2 I recognize this statement is an exaggeration. Certain content might require a specific browser, login 
credentials to access information behind a paywall, or even a particular encryption algorithm to access. 
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Criminals, terrorist organizations, and others recognized this potential and capability, as 

well, and thus, leveraged the Internet to for illicit activity by hosting forums, conducting 

business anonymously, and disseminating content that furthered their message (e.g., Aly, 

MacDonald, Jarvis, & Chen 2017; Fishman 2019; LaFree 2017; Lieberman 2017). 

With any and all types of information and disinformation spreading instantly at 

the click of a button, people must choose for themselves what is real or fabricated. As 

technology continues to improve, it might become more difficult to detect the spread of 

disinformation, such as deep fakes. Deep fakes use sophisticated artificial intelligence 

algorithms to create synthetic media by manipulating images and videos. Those 

consuming this new (“fake”) content are led to believe that the subjects in the fabricated 

media did or said something that, in fact, never occurred in real life (e.g., Westerlund 

2019). Though individuals might recognize not all of the information they consume is 

truthful, they operate under a confirmation bias (e.g., Knobloch-Westerwick, Mothes, & 

Polavin 2020; Quattrociocchi, Scala, & Sunstein 2016). This is the idea that people 

search for, interpret, and subscribe to beliefs that further confirm or solidify their 

preexisting beliefs, values, or principles. 

Within social networks, people typically align themselves closer to others who 

exhibit similar shared beliefs (i.e., the homophily principle) and maintain a higher degree 

of separation from those who articulate different viewpoints (e.g., Block & Grund 2014; 

Lazarsfeld & Merton 1954; McPherson, Smith-Lovin, & Cook 2001). As long as the 

network is highly interconnected among those who share similar beliefs (i.e., cliques), 

and as long as there exists relatively poor communications with those outside of the 
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group (i.e., sparsely connected to others), then echo chambers can form to amplify or 

reinforce particular viewpoints. O'Hara and Stevens (2015) concluded that echo chambers 

were more likely to organically develop where coherent clusters formed, and also where 

ideas spread through networks characterized by homophily and contagion. 

Quattrociocchi, Caldarelli, and Scala (2014) developed a theoretical, bounded confidence 

model of opinion dynamics to analyze the role of media in propagating information 

through a notional network. Using data collected from Facebook, Quattrociocchi et al. 

(2016) confirmed that users became increasingly extreme in their beliefs following 

engagements in online activities and discussions. They concluded that the polarization led 

to the inherent creation of echo chambers within the Facebook platform. Leveraging data 

from online social media platforms, others also developed models and observed the 

formation of echo chambers, which were polarized in both ideology and quality of 

content among those distinct communities (e.g., Baumann, Lorenz-Spreen, Sokolov, & 

Starnini 2020; Brooks & Porter 2020; Brugnoli, Cinelli, Quattrociocchi, & Scala 2019; 

Kozitsin 2020). 

There is not a specific list of characteristics that draw people toward online 

communities which disseminate and propagate conspiracy theories, extremist views, or 

other material. However, those suffering from or witnessing wrongdoing, injustice, 

mistreatment, or even feeling marginalized or isolated might be more susceptible, and 

therefore, more likely to use the Internet to seek out an identity and sense of belonging 

(e.g., Lennings, Amon, Brummert, & Lennings 2010; Torok 2013). Terrorist 

organizations recognize the utility of this wide-reaching technology. They have exploited 
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it to further their mission by fostering a sense of community among individuals through 

the dissemination of propaganda, development of relationships to encourage recruitment, 

promotion of indoctrination and radicalization over time, financing of operations, 

distribution of instructional material for individualized training, planning of future 

terrorist attacks, and the eventual execution of those attacks (e.g., Azani & Liv 2020; 

Keatinge & Keen 2019; Lieberman 2017; Piazza & Guler 2019; Whyte 2019). The 

previous research efforts highlighted in Section 2.1, for example, further demonstrated 

the benefits and also risk-reward tradeoff of using the Internet, particularly when it came 

to potentially condensing or decreasing the radicalization timelines. Along those same 

lines, the Internet has likely steepened the “slippery slope” to joining a radical group, as 

described in McCauley and Moskalenko (2008), or even made the upper levels of the 

“narrowing staircase” theory more attainable, as presented in Moghaddam (2005). 

With Internet accessibility and connectivity reaching more of the population 

throughout the world, and with new social media applications continuing to come online, 

terrorist organizations likely shifted some of their preferred methods from interpersonal 

physical connections (e.g., often via religious or educational institutions) to online media. 

Examples of this included the release of professionally-produced online propaganda 

magazines (e.g., Dabiq, Rumiyah, and Inspire)—some of which targeted individuals in 

English-speaking countries—as well as rallying support around particular ideologies 

(e.g., Lakomy 2019; Sunde, Ilan, & Sandberg 2020; Wignell, Tan, O'Halloran, & Lange 

2017). Determining the moment at which somebody becomes “indoctrinated” or 
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“radicalized”—as discussed in Section 2.1—is a complex problem that is not easily 

understood and continues to be debated. 

Inspired by previous ABMs in the radicalization and national security trade space 

(e.g., Table 2), the model described throughout this chapter seeks to set up a framework 

that I can apply to a real-world test case (Chapter 5) using evidence and data collected 

from the review of the radicalization (Section 2.1) and opinion dynamics literature 

(Section 2.2), as well as the news narrative (Chapter 4). The remainder of this chapter 

introduces and explains the model (Section 3.1), and also presents the results on 

verification and validation (Section 3.2). 

Section 3.1 Description of the Model 

This chapter introduces and explains the opinion dynamics model presented here 

using the Overview, Design concepts, and Details (ODD) protocol for describing 

individual-based models and ABMs (Grimm et al. 2006), as updated twice by Grimm et 

al. (2010) and Grimm et al. (2020). The ABM was developed using NetLogo 6.0.4 

(Wilensky 1999), and is available for download at https://www.comses.net/codebase-

release/30540ae3-486b-44e4-8ff0-785575433af0/. The following sections introduce the 

purpose and entities (Section 3.1.1), highlight the model’s design concepts (3.1.2), and 

explain the underlying details of the model (Section 3.1.3). 

Section 3.1.1 Overview 

Section 3.1.1.1 Purpose and Patterns 

The purpose of this model is to explore how the population of a region targeted by 

kinetic air strikes (manned or unmanned) reacts to this particular counterterrorism 
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operation, and also chooses whether to carry out its own terrorist attacks in response. This 

model is designed as a framework that the researcher can apply to countries in which the 

U.S. and/or its allies have engaged in a military air operation campaign over an extended 

period of time. Since the assumptions contained within this ABM simplify reality by 

modeling the rate of terrorist attacks as a function of the rate of drone strikes and a 

distributed lag of the sentiment of the targeted population (i.e., anger toward the U.S. and 

Western allies), it is likely not appropriate to apply this model to countries where there is 

both an air/drone strike campaign as well as deployed military troops on the ground. 

Due to the quality and granularity of the data available, my intent is to develop a 

Level 1 ABM that is in qualitative agreement with empirical, macro-level data (Axtell & 

Epstein 1994). As such, I define two simple, general patterns as criteria for this ABM’s 

usefulness: (1) the rate of terrorist attacks increases as the rate of manned/unmanned air 

strikes increases, and vice versa, and (2) manned/unmanned air strikes influence terrorist 

attacks with a lag feature. These phenomena are not only based on my own review and 

empirical analyses of both the drone strike and terrorist attack data, but also several 

studies cited in Section 2.3, which leveraged empirical data (e.g., Jaeger & Siddique 

2018; Mahmood & Jetter 2019; Mir & Moore 2019). 

Section 3.1.1.2 Entities, State Variables, and Scales 

Drone strikes, which are exogenous events to the model, serve as a forcing 

function by injecting a “traumatic grievance” into the artificial environment. This, in turn, 

causes members of the targeted population to increase their anger toward the U.S. and its 

Western allies. As the level of anger increases among members of this notional, targeted 
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population, the probability or likelihood that they choose to carry out a terrorist attack 

also increases. Cioffi-Revilla and Harrison (2011) referred to this third and final 

condition of individual radicalization as a “loss of killing inhibition.”3 Figure 3 is a flow 

diagram capturing the model’s logic and internal processes, which I further describe 

throughout Section 3.1. 

 

 
Figure 3. ABM flow diagram. 

 

The only entity in the model is an agent who represents members of a country’s 

population targeted by military air or drone strike operations. Each of the agents is a 

heterogeneous actor defined by specific attributes or traits, including likelihood to carry 

                                                 
3 If one follows the radicalization pathway laid out in their research, the model I describe in Section 3.1 
assumes that the agents carrying out terrorist activities have already subscribed to extremist indoctrination. 

Exogenous Shock

Initialization 
of the 
Model

set drone-per-month [0.0, 15.0]
set drone-strike-campaign 

[“constant”, “random walk”]

create scale-free network of agents
set agent color white

for each agent:
set attack-likelihood ~ N(0.01, 0.029)

set drone-date 0 (blank)

set seed of pseudo-random
number generator

Run the 
Model 
(“Go”)

drone strike 
occurs?

no

time t + 1

set agent color red
set drone-date [date]

set attack-likelihood +
set drone-strike-count + 1

yes

link-
neighbors?

yes

set agent color light red
set drone-date [date]

set attack-likelihood +

yes

if time = 
drone-

month-lag

no

remove drone-date entry
set attack-likelihood +

no

yes

terrorist 
attack 

occurs?

set terrorist attack-count + 1

if date < 
December 31, 

2018

yes

End of 
Simulation 

(“Stop”)

drone-date 
blank?

set agent color white

yesyes

Network Spread

“decay” function
set attack-likelihood -

no no

no

“decay” function
set attack-likelihood -



39 
 

out a terrorist attack at time t, the date(s) “affected” by drone strikes (if applicable), and a 

binary variable indicating whether somebody who is directly linked to an individual in 

the notional network is “affected” by a recent drone strike. The likelihood of carrying out 

a terrorist attack attribute is a proxy for the level of anger or animosity an individual has 

toward the U.S. and its Western allies. Since this is a model developed in the abstract and 

is not built for any one specific country, the initialization of the magnitude of the 

likelihood or probability that an agent would choose to carry out a terrorist attack, as well 

as the distribution from which that attribute is drawn, are educated guesses, but notional. 

The date an agent is “affected” by a drone strike is used for the lag structure to construct 

the lingering and lasting effects a drone strike (or multiple drone strikes) might have on 

the underlying level of anger for each individual within the targeted population. This 

lingering or lasting effect of anger might be observed for a number of months beyond the 

date of the targeted drone strike, and is also influenced by the number of terrorist attacks 

that have occurred in and around the same period of time. The binary variable indicating 

whether somebody directly linked to the individual in the network is “affected” by a 

drone strike is a proxy for the anger and growing hatred toward the U.S. and its Western 

allies that might be felt most strongly by the members of a village who recently 

experienced a drone strike. 

One additional characteristic of the agent is its number of links (edges) to other 

agents (nodes) in the network. This model approximates the terrorist network as one 

formed by preferential attachment, meaning that new nodes are more likely to connect to 

existing nodes that exhibit a larger number of existing links (Barabasi & Bonabeau 2003). 
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Though the degree distribution of a preferential attachment network follows a power-law 

(i.e., few nodes with a high number of connections and many nodes with relatively few 

connections), Sageman (2004) characterized this phenomenon observed within many 

terrorist cells as a “small-world” network structure. However, throughout his discussion 

of terrorist network characteristics, what he really described was a scale-free network. 

Others (e.g., Helfstein & Wright 2011; Medina & Hepner 2008; Xu, Hu, & Chen 2009) 

have also characterized several terrorist networks with these scale-free properties. 

Though not specifically depicted as “agents” in the model, the drone strikes act as 

exogenous shocks injected into the simulation with an average frequency specified by the 

user. The two operational tempos available in the model to execute the exogenous drone 

strikes are either a constant rate for the entirety of the simulation or one that follows a 

random walk. However, the model is able to accommodate additional drone strike 

campaigns in which average frequencies can change/update as often as once per time step 

throughout the duration of the simulation. 

Agents interact within their highly-stylized, physical environment, which 

represents the agent’s physical social network. Though the agents might be visually 

depicted within close proximity to another agent, the spatial representation has no 

interpretation or meaning in this model. Only the links connecting the agents together are 

of “geographical” importance. During the simulation, the physical position of the agents 

does not change and the social network is presented as a static view (i.e., all of the links 

are present throughout a given run of the model and the network does not evolve over 

time). The temporal scale for each time step is one month since the data for both the 
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kinetic air strikes (manned and unmanned), as well as the terrorist attacks, are aggregated 

to that level of detail. To match the timeline of the drone strike data (Section 4.3.2) and 

terrorist attack data (Section 5.1) collected for this research effort, the model runs through 

December 31, 2018. 

Section 3.1.1.3 Process Overview and Scheduling 

At each time step in the simulation, the agents have a probability of experiencing 

an external shock (i.e., drone strike) set by the user. If a drone strike occurs, the 

“affected” agent increases its likelihood of carrying out a terrorist attack, which is a 

proxy for increasing anger and animosity toward the U.S. and its Western allies. Next, the 

agent communicates that increased likelihood of carrying out a future attack, and those 

agents directly linked in the network also increase their likelihood of carrying out an 

attack. This increased likelihood to carry out a terrorist attack (i.e., anger) lingers for an 

amount of time beyond the initial drone strike, and is represented by a distributed lag 

model with a decay rate associated with that relationship. At every time step, agents have 

a likelihood of carrying out a terrorist attack, which increases when “affected” by a drone 

strike and decreases when not affected by a drone strike in time period t. The exogenous 

shocks (i.e., drone strikes) and the subsequent responses (i.e., diffusion of anger), which 

flow through the network, continue to repeat in this order until the model reaches the end 

of the simulation, which is December 31, 2018. 

Section 3.1.2 Design Concepts 

Monitors keep track of and output data on both drone strikes and terrorist attacks. 

These include the number of drone strikes carried out in the current month, the total 
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number of drone strikes (overall), the average number of drone strikes executed per 

month across the duration of the entire simulation, the number of terrorist attacks carried 

out in the current month, the total number of terrorist attacks (overall), and the average 

number of terrorist attacks executed per month across the duration of the entire 

simulation. In addition to the monitors, the simulation visually shows the agents currently 

“affected” by drone strikes (i.e., color = red), as well as those directly linked in the 

network who are also “affected” (i.e., color = light red). Those linked to the red-color 

agents sense the state variables of those agents and update their own attributes 

accordingly. Agents in the population not currently “affected” by targeted drone strikes 

are depicted as “white” icons in the simulation. This graphical representation is not only 

for ease of understanding the behaviors existing within the underlying network structures, 

but also added as a “visual debugging” tool to assist with the verification and validation 

testing of the ABM (Section 3.2) due to complexities inherent in these bottom-up 

simulations (e.g., Grimm 2002). 

Stochasticity is used in a number of ways. The initialization of the model 

generates a preferential attachment network and randomly assigns links such that each 

node has a degree of at least one (i.e., minimum of one link). Each of the agents begins 

with an initial likelihood of carrying out a terrorist attack according to the distribution 

identified on the left-hand side (i.e., “model initialization”) of Figure 3. During the 

simulation, agents update their likelihood of carrying out terrorist attacks assuming a 

normal distribution with a mean equal to the agent-specific input parameters (see the left-
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hand side of the graphical user interface display in either Figure 4 or Figure 5) and a 

standard deviation “built in” to the model from econometric analyses (Figure D-3). 

Section 3.1.3 Details 

Section 3.1.3.1 Initialization 

At initialization, the model generates and arranges a population of agents into a 

preferential attachment network. Each of the agents receives its initial characteristics per 

the information and distributions identified on the left-hand side of Figure 3. Those agent 

attributes are assigned randomly to introduce stochasticity into the model. As described 

in Section 3.1.1.1, a researcher could apply this modeling framework to several different 

regions, as long as the U.S. and/or its Western allies did not have a deployed military 

ground force presence also in that particular country. The range of initial agent values 

and initialized global variables, as shown in Table 3, generates plausible macro-level 

curves. Additionally, the distributed lag framework with associated decay rate is derived 

from several of the empirical studies cited in Section 2.3 (e.g., Jaeger & Siddique 2018; 

Mahmood & Jetter 2019; Mir & Moore 2019), as well as the author’s own parametric 

exploration based on empirical analyses of the drone strike data (Section 4.3.2) and 

terrorist attack data (Section 5.1). 

Section 3.1.3.2 Input Data 

This model relied on publicly available, open-source data to stylize the parameters 

in this simulation. An extensive literature review (Chapter 2), as well as analyses of and 

insights drawn from the drone strike data (Bureau of Investigative Journalism 2020 

[BIJ]), air strike data (Airwars 2018), and the terrorist event data (National Consortium 
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for the Study of Terrorism and Responses to Terrorism (START) University of Maryland 

2019 Global Terrorism Database [GTD]) shaped the lag structure and reasonable 

estimates for several of the model’s parameters. Table 3 provides a summary of this 

ABM’s input parameters. As indicated in Section 3.1.3.1, however, researchers must 

leverage empirical data to calibrate the model in order to apply this proof-of-concept, 

computational model to a particular use case or application. Chapter 5 does just that. In 

that chapter, I apply this computational model to Pakistan by calibrating the drone strike 

campaign, as well as fine-tuning several other parameter estimates to achieve qualitative 

agreement with empirical, macro-level data (Axtell & Epstein 1994), which is the 

objective stated in Section 3.1.1.1. 

 

Table 3. Opinion dynamics model input parameters. 
Variable Range Default Source 
Time duration 
per run 

June 2004 to  
December 2018 N/A BIJ (2020); GTD (2019) 

Population 100-1000 500 Parametric exploration 

Network 
structure 

Preferential 
attachment (i.e., 

scale free) 
N/A 

Helfstein and Wright (2011); 
Medina and Hepner (2008); 

Sageman (2004); Xu et al. (2009) 

Rate of drone 
strikes 

Constant, Random 
Walk, or other drone 

strike campaign 
Constant Parametric exploration 

Initial terrorist 
attack probability 0.00-0.05 0.01 Parametric exploration 

Drone strike 
current period 0.20-0.60 0.43 Parametric exploration 

Drone strike lag 1.00-2.00 1.58 Parametric exploration 
Drone month lag 20-40 25 Parametric exploration 
Decay rate 0.90-0.95 0.92 Parametric exploration 
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Section 3.1.3.3 Sub-Models 

The exogenous drone strikes and the decision-making processes/subsequent 

responses from the agents are the two principal components of this computational model. 

Evidence of drone strikes is prevalent, and has not only been reported by mainstream 

media (see, for example, the literature review discussion in Chapter 2 or the evidence 

collected and presented in Chapter 4) and hosted on various social media platforms, but 

also confirmed and legally justified by several U.S. Presidential administrations since the 

events of 9/11. This model simulates the exogenous drone strike shock to the system, 

which then elicits the subsequent responses from the agents. At every time step (i.e., each 

month), each agent has a non-zero chance of encountering or experiencing a targeted 

drone strike, with the probability of one occurring defined by the user. If an agent is 

“affected” by a drone strike, that agent might choose to respond by carrying out a terrorist 

attack, as defined by their likelihood to carry out such an attack, which is a parameter 

setting also set by the user. 

Those decisions to do so often stem from suffering a traumatic grievance event 

(e.g., Cioffi-Revilla & Harrison 2011), such as witnessing loss of life from a drone strike. 

Growing anger and increasing anti-U.S. sentiment does not typically result in instant 

retribution, however. Rather, these “extremist” views and resulting actions evolve over 

time (see, for example, the radicalization literature in Section 2.1). The model represents 

the diffusion of anger through the physical network and growing animosity over time by 

agents observing their physical environment to determine whether any neighbors (i.e., 

those directly-linked in the network) have also been “affected” by the drone strike. If 
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agents observe increasing levels of anger within their neighborhood (i.e., represented in 

this model by an increasing likelihood to carry out a terrorist attack), they might be 

influenced to increase their level of anger, as well. Following a number of months after 

the drone strike event, agents of those “affected,” as well as those in their neighborhood 

(i.e., agents who are directly connected) begin to decrease their level of anger (i.e., 

decrease their likelihood to carry out a terrorist attack), as modeled by a decay function. 

Section 3.2 Model Verification and Validation 

Prior to applying this computational model to a particular use case (Chapter 5), it 

underwent verification processes to ensure internal consistency. I conducted code 

walkthroughs to check that each function and component passed logic tests, and also to 

confirm that I had properly defined the main specifications of the model. These processes 

and procedures demonstrated that there was qualitative agreement among the observed 

behaviors and patterns in the model output, the information I gleaned from the literature 

review (Chapter 2), as well as my own analyses stemming from the collected/harvested 

empirical data of the drone strikes (Chapters 4) and terrorist attacks (Chapter 5). 

Parameter sweeps were also conducted to verify the modeling framework and computer 

simulation were constructed in accordance with both theory and observations, and also to 

ensure that the relationships among the output variables were reasonable. 

Monte Carlo simulation runs aided in the validation of this model. Two 

illustrative cases shown below were selected to demonstrate how the drone strike 

campaign might affect not only the overall number of terrorist attacks, but also the rates 



47 
 

of those activities. Parameter values in Table 4 were used for the two illustrative 

simulation runs shown in Figures 4 and 5. 

 

Table 4. Input parameters used for simulation runs depicted in Figures 4 and 5. 
Variable Figure 4 Figure 5 

Time duration per run June 2004 to  
December 2018 

June 2004 to  
December 2018 

Population 100 100 

Network structure Preferential attachment (i.e., 
scale free) 

Preferential attachment (i.e., 
scale free) 

Rate of drone strikes Constant (2.5 per month) Random Walk (initialized at 
2.5 per month) 

Initial terrorist attack 
probability 0.01 0.01 

Drone strike current period 0.20 0.20 
Drone strike lag 1.00 1.00 
Drone month lag 20 20 
Decay rate 0.90 0.90 
 

 

In the first example, as shown in Figure 4, drone strikes were conducted against 

the targeted population at a constant rate (2.5 per month) over the nearly fifteen-year 

duration of the simulation. This equated to thirty drone strikes executed every year. 

Though the average was set at 2.5 drone strikes per month, due to the stochasticity 

inherent in the model, there were months both below and above that initialized 

operational tempo. For example, around 38 days (ticks) into the simulation, the targeted 

population experienced approximately six drone strikes per month. Twenty months 

beyond that noticeable uptick—and continuing for another thirty months beyond that—

the inherent level of anger within the system rose, which resulted in an increase in the 
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rate of terrorist attacks carried out per month, from 75 to a high of nearly 270. Compared 

to the beginning of the simulation, the rate of terrorist attacks remained elevated for the 

duration of the model run. The rate of terrorist attacks, however, exhibited decreases until 

other upticks in the rate of drone strikes occurred. This caused the rate of terrorist attacks 

to once again increase, but offset by a number of months. This demonstrated that drone 

strikes influenced terrorist attacks according to a distributed lag structure. 

Leaving all other input parameters unchanged from Figure 4, in another 

illustrative simulation run, drone strikes were initialized with a starting operational tempo 

of 2.5 drone strikes per month, but were set to follow that of a random walk over the 

entire duration of the simulation. The output monitors and graphical representations in 

Figure 5 confirmed similar observed behaviors and findings to those present in Figure 4. 

In addition to the two illustrative cases, this dissertation includes outputs from the 

parameter sweep, as shown in Figure 6. The drone strike campaign was set equal to 

“constant” (left-hand column) and “random walk” (right-hand column), and several input 

parameters were varied from the baseline simulation run (i.e., the default values from 

Table 3), specifically drone-strike-current-period (top row), drone-strike-lag (middle 

row), and drone-month-lag (bottom row). 

Each of the scenarios listed was repeated one thousand times, and the curves 

depicted in Figure 6 represent the averages of the drone strike and terrorist attack curves 

over all of the runs. This simulation incorporated a “burn-in” period of thirty-five 

months. Further information describing the use of a “burn-in” period is found in Section 

5.2. As seen in Figure 6, the effects of varying these input parameters are noticeable. In 
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the baseline scenario, employing a “constant” drone strike campaign generated nearly 

10,500 terrorist attacks. Reducing the average current anger level of the agents (i.e., 

likelihood to carry out a terrorist attack in the current period as a result of a drone strike 

in the current period) by fifty percent, for example, resulted in a forty percent drop of 

terrorist attacks. A similar, proportional decrease in the number of terrorist attacks was 

observed with the scenario that employed a “random walk” drone strike campaign. 

Additionally, a longer time horizon (i.e., increasing the drone-month-lag 

parameter) necessary for the build-up of lingering and lasting effects of anger stemming 

from drone strikes against the population shifted the local maximum of the terrorist attack 

curve out to the right and subsequently decreased the magnitude of that curve (see the 

bottom row of Figure 6). A plausible explanation for this behavior observed within the 

simulation is that previous terrorist attacks coupled with drone strikes that occurred t-m 

months ago might have generated entropy within society. An ample number of events 

compressed into a short amount of time could have led to a “tipping point,” thereby 

causing an increased rate of attacks (e.g., the Arab Spring). 

The examples presented in Figure 6 demonstrate that the terrorist attack curve is 

sensitive to the drone strike campaign, network structure of the population, and 

underlying characteristics of the people. These examples underscore the importance of 

capturing not only social network effects within the model, but also the level of grievance 

of the agents and their willingness to act on that anger in the form of violence and 

terrorism. Results of the sensitivity analysis highlight the importance of including 

variables that quantify these traits for each individual agent. The interdependencies and 
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feedback of this system under test, particularly the diffusion of opinions through a 

network, would be challenging to accomplish using only mathematical models. 

Although a full model validation would require the collection of additional data 

from the region of interest (e.g., via either fieldwork to hand curate the data at the 

required level of granularity and specificity, or access to data and internal documents 

related to the targeted killings, much of which still remains classified), the model’s 

output, as demonstrated with two illustrative simulation runs (Figures 4 and 5) and Monte 

Carlo sensitivity analyses experiments (Figure 6), reveals worthwhile macro-level trends 

important to policymakers and decisionmakers within the counterterrorism and national 

security trade space. 

 

 
Figure 4. Snapshot of model’s graphical user interface with input parameters (left), agent environment (center), 
and output results (right). This sample run shows the output from a “constant” drone strike campaign. 

 

t = 38

t = 60 to 90



51 
 

 
Figure 5. Snapshot of model’s graphical user interface with input parameters (left), agent environment (center), 
and output results (right). This sample run shows the output from a “random walk” drone strike campaign. 

 

t = 75 to 110

t = 120 to 160
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Figure 6. Sensitivity analysis for “constant” (left) and “random walk” (right) drone strike campaigns: changes in 
the rate of terrorist attacks due to varying the parameters for drone-strike-current-period (top), drone-strike-
lag (middle), and drone-month-lag (bottom). 
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CHAPTER FOUR. HARVESTING AND ANALYZING THE EVIDENCE 
COLLECTED FROM NEWS ARTICLES 

Due to the ongoing, public debate over the use of drone strikes and questions 

surrounding whether those kinetic strikes lead to an increase in radicalization and, 

consequently, the recruitment of additional terrorists—which the research highlighted in 

Chapters 1 and 2—I examined published news articles in order identify connections and 

linkages among U.S. kinetic actions (i.e., manned and unmanned air strikes), the 

geographical locations of these kinetic missions, and the sentiment among groups of 

people (i.e., key actors) who are the intended targets of those counterterrorism operations. 

The foundational evidence collected and detailed in this chapter—which helps to 

understand how the air and drone strike narrative emerges and takes shape within the 

news media—forms the basis for applying the proof-of-concept ABM (Chapter 3) to a 

real-world case study of Pakistan (Chapter 5). To conduct the exploratory analysis, I 

leveraged text mining and text analytic techniques to process natural human language. 

This particular component of my larger research effort is also timely. A surge of 

interest has occurred in recent years within the academic community associated with the 

analyses of big data, some of which stem from news outlets and social media sites (e.g., 

Akter & Wamba 2016; Gupta & Rani 2019; Jun, Yoo, & Choi 2018; Kolajo, Daramola, 

& Adebiyi 2019; Vassakis, Petrakis, & Kopanakis 2018). Given the emergence of news 

from a variety of sources (e.g., news blog websites, Twitter, and other social media 
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platforms/sources), all of which were once perceived as non-traditional means to receive 

that reporting, there are now volumes of data and information that researchers can 

explore to begin addressing problems in a multitude of areas, including national security. 

Recent examples where the research community has leveraged big data include assisting 

organizations to analyze and predict tourist destination patterns at specific locations (e.g., 

Miah, Vu, Gammack, & McGrath 2016); allocating disaster response to provide timely 

help based on sentiment of affected people (e.g., Ragini, Anand, & Bhaskar 2018); 

tracking infectious diseases, such as influenza (e.g., Schmidt 2019) and COVID-19 (e.g., 

Boulos & Geraghty 2020; Zhou et al. 2020); exploring volunteered geographic 

information (e.g., Mahabir, Schuchard, Crooks, Croitoru, & Stefanidis 2020; Yuan, 

Crooks, & Zufle 2020); detecting social bots within online social networks (e.g., R. 

Schuchard, A. Crooks, A. Stefanidis, & A. Croitoru 2019; R. Schuchard, A. T. Crooks, 

A. Stefanidis, & A. Croitoru 2019; Schuchard & Crooks 2021; Yuan, Schuchard, & 

Crooks 2019); or analyzing rhetoric and images of violent extremist groups who 

legitimize their views and influence recruits in online propaganda material (e.g., 

O'Halloran et al. 2019). 

Section 4.1 Overview of Text Mining 

Data mining and text mining, both of which seeks to discover previously 

unknown patterns and relationships in large datasets—or more simplistically, turning raw 

data into knowledge discovery (e.g., Paiatetsky-Shapiro, Brachman, Khabaza, Kloesgen, 

& Simoudis 1996), meaningful analyses, and actionable information—are two fields that 

have grown in recent years. Advances in hardware, software, and other technologies have 
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enabled the rapid creation and availability of different kinds of data. Whereas data mining 

is typically associated with the analysis of structured data from databases, text mining 

analyzes and extracts important insights from patterns in data such as text documents, 

information posted to social media platforms, and e-mails, all of which are stored in an 

unstructured format. Text data are available from a multitude of sources, and the 

increasing volume of text data generated from a growing number of applications has 

created a demand signal for researchers to design, develop, and further advance existing 

algorithms used to discover and extract patterns previously unknown to the community. 

Two characteristics of text data are that they are sparse and high dimensional 

(e.g., Dhillon & Modha 2001; Sert, Sahin, Ozyer, & Alhajj 2020; Smieja, Hajto, & Tabor 

2019). A collection of text documents might contain hundreds of thousands or even 

millions of words (i.e., high dimensional), but a single text document within that corpus 

may only contain a small percentage of the total number of words found in the larger 

collection (i.e., sparse), often less than one percent. Therefore, a corpus of text documents 

can be represented as a sparse document-term matrix of size m x n, where m is the 

number of documents and n is the number of words in the corpus. The (i, j)th entry of this 

matrix is the normalized frequency of the jth word in the total collection’s lexicon for 

document i. Without a normalization factor, longer documents will have an “advantage” 

when computing relevance scores because long documents, as compared to shorter 

documents, typically use the same terms repeatedly and also contain numerous different 

terms (e.g., Singhal, Buckley, & Mitra 1996). 
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To begin constructing the sparse document-term matrix and conduct analytical 

techniques, the researcher must convert the unstructured text documents into structured 

data. This step is necessary to yield knowledge discovery and uncover other patterns not 

previously detected. Figure 7 highlights the steps a researcher might take to collect and 

arrange/organize the data into a format suitable for text mining analyses. 

 

 
Figure 7. Text mining process from initial data collection/harvesting through analyses. 

 

Section 4.2 Data Collection and Metadata Analyses 

For this research effort, I analyzed news articles collected from LexisNexis’ 

NexisUni product (formerly LexisNexis Academic). The database features more than 

17,000 news, business, government, and legal sources. The NexisUni news collection 

includes local-, national-, and international-level newspapers; newswires; print and online 

journals; news transcripts; blogs; and Internet publications.  
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I collected nearly 413,000 English-language news articles dated from January 1, 

2002 through December 31, 2018. News articles were collected based on keywords such 

as drone strike (nearly 84,000) and air strike (approximately 329,000). To begin 

exploring the information, I developed a processing framework/roadmap, as shown in 

Figure 8, to efficiently analyze these published news articles. 

 

 
Figure 8. Processing framework/roadmap to analyze metadata and main-body content. 

 

The processing framework/roadmap consisted of two principal steps, which 

focused on the articles’ metadata as well as the main body content. In the first step of this 

analysis, I extracted and analyzed the articles’ metadata. In addition to the main-body 

content, the LexisNexis articles contained metadata, including date, source, and 

publication type. The metadata defined in Table 5 proved to be a valuable source of 

information to begin to understand the narrative that cut across the geographic location, 
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key actor, and concept dimensions (see, for example, Stefanidis et al. 2017, which 

proposed the significance of these three dimensions to understand how a narrative plays 

out in social media), even independent of further exploring and analyzing the main-body 

content of the harvested news articles. 

 

Table 5. LexisNexis article metadata. 
Metadata Definition 
Date Date of document’s publication 
Source News source (e.g., CNN, Washington Post)  
Language Language of news article 
Publication type Newspaper, magazine, journal, newswire, blog, etc. 
Subject Main topics covered 
People Name of persons referenced 
Geographic Geographic regions discussed 
 

 

Section 4.2.1 Distribution of Data 

Table 6 summarizes the data by type of published article in which these keywords 

appear. Newspapers, newswire services, and transcripts make up more than 75 percent of 

the dataset across the entire period of data collection. The proportion of the publication 

type changed over time, mirroring how people receive news in today’s digital age. For 

example, newspapers represented more than 75 percent of the dataset in 2002 and 2003, 

but noticeably declined, stabilizing around 30 percent. Internet or website publication, on 

the other hand, increased from a low of 1 percent in 2006 to 13 percent in 2018. This 

phenomenon observed with the data collected is consistent with the claims made in the 

introduction of this chapter. People receive news from a variety of outlets, including the 
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consumption of increased information in the more recent years from sources that were 

once thought of as non-traditional. 

 

Table 6. Overview of dataset by publication type. 
Publication Type Number of Articles Percent of Total 
Newspaper 113,903 27.58 
Transcript 103,672 25.10 
Newswire 97,492 23.61 
Web publication 33,985 8.23 
Blog 27,077 6.56 
Category not identified 20,842 5.05 
Other4 16,003 3.88 
Total 412,974 100.00 

 

Figure 9 shows the distribution of the dataset against time for the period 2002 

through 2018 by plotting the number of articles containing those keywords published 

each month. While a handful of news articles were published containing the “drone 

strike” keyword prior to 2008, nearly 95 percent of those articles were published from 

2011 to 2018, with 24 percent of the collected drone strike articles published in 2013. 

Similar to the drone strike data, the weight of the distribution for published 

articles mentioning air strikes is in the latter years. More than 50 percent of the harvested 

air strike articles were published during the period 2014 through 2018. Though the 

volume of articles is noticeably higher in the more recent years of the constructed dataset, 

spikes exist in the collected data, including the one in 2006 for air strikes. 

 

                                                 
4 All other publications, including abstracts, Congressional testimony, journals, magazines, and reports. 
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Figure 9. Distribution of collected/harvested published news articles mentioning either air strikes (blue) or 
drone strikes (red). 

 

To explore these behaviors observed in the dataset and attempt to explain the 

patterns, I constructed a timeline (Figure 10) of select military events from 2002 through 

2018. While this timeline of events is not an exhaustive list of kinetic strikes occurring 

between 2002 and 2018, it begins to aid in the understanding as to why there are 

noticeable increases in the number of published articles occurring in particular time 

periods, particularly 2006, 2013, and 2015. 
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Figure 10. Timeline of selected air strike (blue) and drone strike (red) events. 

 

Not only is this dissertation concerned with the immediate coverage and reactions 

(i.e., initial spike in reporting) stemming from a particular air or drone strike, but also the 

reverberations and potential residual anger that existed and lingered for some period of 

time following documented kinetic activity. For example, terrorist organizations carried 

out multiple terrorist attacks (i.e., suicide bombings and an armed assault) in Pakistan 

from November 2013 through June 2014. In their claims of responsibility, the terrorist 

organizations stated that the attacks were retribution for the death of the Pakistani Taliban 

leader who was killed from a targeted U.S. drone strike in November 2013. 

Following the death of the Pakistan Taliban leader on November 1, 2013, articles 

continued to publish his name, likely fueling additional terrorist activities beyond June 

2014, even if the group claiming responsibility did not specifically tie the attack back to 

the death of the Pakistan Taliban leader. The Pakistan Taliban leader appeared in more 

than five thousand air strike and drone strike articles from November 2013 to December 

2002 2006 20102004 2008 2014 20182012 2016

Sep 2011:
Anwar al-

Awlaki first U.S. 
citizen killed by 

U.S. drone 
strike (Yemen)

Jun 2006:
Abu Musab al-

Zarqawi killed in 
a targeted U.S. 
air strike (Iraq)

Jul 2006:
Israeli Air Force 

carried out Qana
airstrike killing 28 
civilians (Lebanon)

Jul 2006:
Israel targeted office of 

Palestinian PM after Israeli 
solder abducted by 

Palestinian militants (Gaza)

Nov 2013:
Drone strikes kill leader of 

Pakistan Taliban and alleged 
senior Haqqani network 

members (Pakistan)

Oct 2015:
Russia begins air 

strikes targeting all 
terrorists, not just 

ISIS (Syria)

Oct 2015:
U.S. mistakenly 

targeted Kunduz 
hospital 

(Afghanistan)
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2018 since the news first reported his death (Figure 11). This serves as an illustrative 

example where multiple terrorist events were connected to one drone strike. 

 

 
Figure 11. Collected/harvested published air strike (blue) and drone strike (red) articles mentioning Pakistan 
Taliban (TTP) leader overlaid against terrorist attacks (black) carried out due to the death of the TTP leader. 

 

However, the opposite might also be true, and required additional exploratory 

analysis and investigation to see whether enough anecdotal evidence existed to verify its 

veracity. In other words, a terrorist event might not always stem from a single air or 

drone strike, but possibly provoked due to multiple manned and unmanned strikes. For 

this reason, it might be more appropriate to think about manned and unmanned air strikes 
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in revenge of its leader

Nov 2013:
Assailants opened fire on two NATO supply 
containers in Pakistan. Likely due to recent 

drone strike killing TTP leader

Nov 2013:
TTP suicide bombing in Pakistan. Revenge 

for killing of TTP leader

Nov 2013:
Suicide bombing of TTP-affiliated group in 
Pakistan. Revenge for killing of TTP leader

Dec 2013:
TTP suicide bombing in Pakistan. 
Revenge for killing of TTP leader

Nov 2014:
TTP suicide bombing (Paksitan) 

in revenge of its leader
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as cumulative (i.e., stock variable) instead of individually (i.e., flow variable). These are 

revisited and explored in more detail in Chapter 5. In the following subsections, this 

research will introduce the three components of the narrative: location (Section 4.2.2), 

key actors (Section 4.2.3), and main concepts (Section 4.2.4). This chapter will conclude 

with an exploration of the interconnectedness among these three fundamental pieces 

which form the concept map (Section 4.3.3), as well as the underlying sentiment of the 

news articles (Section 4.3.4). 

Section 4.2.2 Geographic Region Coverage (Metadata) 

 To begin to understand this manned and unmanned air strike narrative shaped by 

the news media, one important dimension to explore is the geographic or location 

component captured in the published news articles. Table 7 highlights the countries 

receiving the most discussion or mentions as covered by the news media across the 

entirety of this research effort’s study period. Each article identified more than one 

geographical location, so the summation of the number of regions (second column of 

Table 7 and the height of each bar in Figure 12) exceeds the number of articles collected 

for this dissertation research effort. For the concept mapping discussed later in this 

chapter, however, I needed to drill down to the province or city level in order to 

determine whether correlations exist between air strikes (i.e., manned and unmanned) and 

radicalization. Aggregating up to the country level might cause a loss in detail such that 

the correlation and/or relationship disappears. 

Given the involvement in these strikes by the U.S. as well as animosity directed 

against the U.S., it is not unexpected that nearly 60 percent of all published news articles 
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collected for this research effort make mention of or reference the country in some 

capacity. Many of the other entities appearing in Table 7 are either allies and partners of 

the U.S. (e.g., United Kingdom and France), or are specific countries that the U.S. and 

other countries have targeted during the twenty-year war on terror that began in 

Afghanistan following the events of 9/11, but spanned the globe to other locations such 

as Iraq, Syria, Pakistan, Yemen, countries in North Africa, and Somalia.  

 

Table 7. Top 25 geographic regions identified in metadata of articles. 
Geographic Region Coverage Number of Articles Percent of Total 
United States 242,252 58.66 
Syria 112,321 27.20 
Afghanistan 95,468 23.12 
Iraq 88,897 21.53 
Israel 83,180 20.14 
Pakistan 74,517 18.04 
United Kingdom 64,261 15.56 
Palestinian Territory 56,640 13.72 
Middle East 38,655 9.36 
Yemen 35,826 8.68 
Iran 35,418 8.58 
Russia 34,964 8.47 
Lebanon 30,347 7.35 
Europe 26,360 6.38 
Turkey 25,155 6.09 
Saudi Arabia 24,686 5.98 
Egypt 22,461 5.44 
France 21,324 5.17 
Asia 18,994 4.60 
Libya 16,863 4.08 
Africa 15,634 3.79 
Germany 15,354 3.72 
China 13,157 3.19 
Somalia 11,467 2.78 
Jordan 10,745 2.60 

 



65 
 

Figure 12 shows how the composition of the geographic regions portrayed and 

mentioned in the published news articles changed over time. In the early years of the 

dataset (i.e., 2002 and 2003), the news mentioned the U.S. in a larger proportion of the 

collected articles because the coverage of the continual U.S.-led air strikes in Afghanistan 

and Iraq, and also the violent incidents stemming from the ongoing Israeli-Palestinian 

conflict dominated the news narrative. As the drone strikes in Pakistan increased in 2009 

and 2010, and as the U.S. President reportedly expanded the scope and aggressiveness of 

the program in Pakistan, the number of articles covering Pakistan in connection to 

unmanned air strikes increased from an average of 10 percent of the entire collection 

(2002-2008) to an average of 35 percent (2009-2013). Lastly, the Syrian conflict and civil 

war, which began in 2011 following the first wave of Arab Spring protests, led the U.S. 

administration to authorize direct attacks against the militant group in Syria in 2014 in 

order to prevent the Islamic State from using Syria as a base for its operations in Iraq. 

This is seen in the data (Figure 12) where the news only mentioned Syria in 

approximately 8 percent of the air strike articles from 2002 to 2012, but increased its 

coverage to nearly 40 percent of the published air strike articles from 2013 to 2018. The 

peak of Syria’s coverage (2015-2017) coincided with more articles in the collected air 

strike dataset mentioning Russia as Russia ramped up its campaign of air strikes against 

opponents of Syria’s president during this period.  
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Figure 12. Top 5 geographic regions identified in the metadata by year. Numbers to the left of the bars represent 
the percent of articles published in the respective year covering that location. 

 

Section 4.2.3 Key Actor Coverage (Metadata) 

The second component or dimension which shapes this narrative is an 

understanding of the participation and influence by key actors. Table 8 highlights the 

individuals receiving the most discussion or mentions as covered by the news media 

across the entirety of this research effort’s study period. Each article might identify more 

than one individual, so the summation of the number of key actors (second column of 

Table 8 and the height of each bar in Figure 13) exceeds the number of articles collected 

for this dissertation research effort. Unfortunately, other actors not identified in the 

metadata were mentioned and discussed throughout the corpus of articles, so this research 
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conducted further exploratory analyses of the key actor entities within the main-body 

content in the subsections of Section 4.3. 

 

Table 8. People identified in metadata who are tagged in at least 1 percent of the articles. 
 
People Coverage 

Number of 
Articles 

Percent of 
Total 

Barack Obama [44th President of United States] 38,534 9.33 
Bashar al-Assad [President of Syria] 19,988 4.84 
Osama bin Laden [Founder of al-Qaeda and mastermind behind 9/11 attacks] 17,637 4.27 
Donald Trump [45th President of United States] 15,332 3.71 
George W. Bush [43rd President of United States] 12,148 2.94 
Saddam Hussein [President of Iraq until captured in 2003] 8,648 2.09 
Hamid Karzai [President of Afghanistan 2001-2014] 8,443 2.04 
David Cameron [Prime Minister of United Kingdom 2010-2016] 8,286 2.01 
Vladimir Putin [President of Russia 1999-2008, 2012-current; Prime Minister 2008-
2012] 

7,645 1.85 

Benjamin Netanyahu [Prime Minister of Israel 2009-current] 7,585 1.84 
John Kerry [Secretary of State 2013-2017] 6,389 1.55 
Mahmoud Abbas [President of State of Palestine and Chairman of Palestine 
Liberation Organization] 

6,219 1.51 

Hillary Rodham Clinton [Secretary of State 2009-2013] 6,156 1.49 
Abd Rabbuh Mansur Hadi [President of Yemen 2012-current; Vice President 
1994-2012] 

5,733 1.39 

Abu Bakr al-Baghdadi [Leader of Islamic State and first caliph until death in 
2019] 

5,661 1.37 

Nawaz Sharif [Prime Minister of Pakistan 2013-2017] 5,359 1.30 
Ban Ki-moon [Secretary-General of the United Nations 2007-2016] 4,438 1.07 
Ehud Olmert [Prime Minister of Israel 2006-2009] 4,241 1.03 

 

Figure 13 shows how the composition of the key actors mentioned in the 

published news articles changed over time. The year following the events of 9/11, 

published news articles mentioned Osama bin Laden in nearly 20 percent of the dataset in 

connection to U.S. air and drone strikes conducted in Afghanistan. He received increased 

coverage again by various news outlets in 2006 when several audio messages surfaced, 
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including one where he eulogized the death of Abu Musab al-Zarqawi—the founder of 

the Islamic State and al-Qaeda’s leader in Iraq—who was killed in a targeted U.S. 

airstrike. Lastly, the raid on his compound in 2011 by U.S. special forces that led to his 

death generated another noticeable increase in reporting by the news media in connection 

with manned and unmanned air strikes. 

While U.S. presidents received considerable coverage in connection with targeted 

air strikes during their terms in office, as do presidents of countries where these strikes 

occurred (e.g., Hamid Karzai in Afghanistan and Bashar al-Assad in Syria), other 

individuals received increased news media coverage only in specific years. For example, 

General Stanley McChrystal, whose last military assignment was Commander, 

International Security Assistance Force and Commander, U.S. Forces-Afghanistan, 

scaled back manned air strikes in Afghanistan at the same time he escalated the number 

of drone strikes in the country to prevent civilian casualties (2009-2010). A second 

example is Abd Rabbuh Mansur Hadi, Yemen’s President, who fled Aden, Yemen for 

Saudi Arabia following air strikes conducted by Saudi Arabia and Arab allies who 

targeted the Houthi-held capital Sana’a (2015). Yet another example is Vladimir Putin, 

Russia’s President, who received increased news coverage (2015-2018) in connection to 

air strikes due to Russia’s military involvement in Syria’s civil war by combatting 

terrorist organizations (e.g., Islamic State) and helping the al-Assad government retake 

territory from opposition groups.  
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Figure 13. Top 5 people identified in the metadata by year. Numbers to the left of the bars represent the percent 
of articles published in the respective year covering that individual. 

 

Section 4.2.4 Main Topic Coverage (Metadata) 

Prior to analyzing the main-body content of the air and drone strike data, I also 

explored the third component of the narrative—that is, the concepts or high-level topics 

discussed throughout the news articles and listed in the metadata of the articles. Querying 

each article’s respective topical and subject metadata provided by LexisNexis proved 

helpful to understand and compile the subject areas in the aggregate which received the 

largest attention (Table 9), and also how the coverage and reporting of those subjects 

evolved and changed over time (see Figure 14, which shows the top five main topics 

appearing in the LexisNexis metadata by year). Each article covered multiple subject 
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areas, so the summation of the number of main topics identified (second column of Table 

9 and the height of each bar in Figure 14) exceeds the number of articles collected for this 

dissertation research effort. 

 

Table 9. Top 25 main topics identified in metadata of articles. 
Main Topic Coverage Number of Articles Percent of Total 
War & conflict 280,465 67.91 
Bombings 195,674 47.38 
Terrorism 143,565 34.76 
Muslims & Islam 125,799 30.46 
Religion 125,197 30.32 
Terrorist organizations 124,318 30.10 
Rebellions & insurgencies 84,543 20.47 
U.S. Presidential candidates 81,338 19.70 
Armed forces 76,827 18.60 
Al-Qaeda 74,024 17.92 
Islamic State in Iraq & Levant 65,535 15.87 
Terrorist attacks 63,691 15.42 
Taliban 61,216 14.82 
United Nations 60,538 14.66 
Wounds & injuries 60,532 14.66 
Heads of State and Government 57,623 13.95 
Prime Ministers 57,509 13.93 
International relations 53,935 13.06 
Bombs & explosive devices 52,829 12.79 
Investigations 51,521 12.48 
Talks & meetings 49,091 11.89 
Government advisors & ministers 43,331 10.49 
State Departments & foreign service 43,246 10.47 
Military weapons 42,628 10.32 
Death & dying 38,350 9.29 
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Figure 14. Top 5 main topics identified in the metadata by year. Numbers to the left of the bars represent the 
percent of articles published in the respective year covering that topic. 

 

The thematic presence of war and conflict, bombings, and terrorism in articles 

mentioning either drone or air strike activities was consistently covered across all years. 

However, the percent of articles identifying those main topics varied over time. For 

example, 80 percent of the articles cited war and conflict as a main theme in 2002, but in 

2018, only 68 percent of the articles in the larger corpus of documents identified it as one 

of the main themes. Coverage of terrorist organizations fell out of the “top 5” beginning 

in 2014. At the same time, news articles began writing more extensively about topics, 

such as Muslims and Islam, as well as religion. During this time, the U.S. and its 

coalition partners began conducting air strikes against the Islamic State’s controlled 
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territory following the announcement by the Islamic State’s leader that the caliphate 

stretched from Syria to Iraq. 

Of course, metadata analyses and volume of reporting, alone, are not sufficient 

enough to determine how these air strikes (manned and unmanned) might influence 

individuals to carry out terrorist activities. To understand the “pulse” on the ground, this 

effort must also analyze the main-body content of the news articles. Doing so required 

me to leverage concept mapping, sentiment analysis, and opinion mining (e.g., Liu 2012), 

which will be addressed and explored at the end of this chapter. 

Section 4.3 Text Mining Analyses of Main-Body Content 

In this next step of my analysis, I extracted and analyzed the content of the news 

articles. As briefly described in Section 4.2, I collected nearly 413,000 articles from 

LexisNexis and parsed out the harvested articles into individual text (.txt) files. Each text 

file, which ranged in file size from 1 KB (10 percent of those files in the dataset) to 5.7 

MB, contained the article’s title, author, other metadata highlighted in Table 5, and also 

the main-body text. Once parsed, I extracted the content (i.e., main-body text) for further 

exploratory analysis, as highlighted in the processing framework/roadmap (Figure 8). 

Section 4.3.1 Pre-Processing of Text Data 

As shown in Figure 8, extracting main-body content encompasses text pre-

processing (i.e., also depicted in Figure 7 as the data preparation step). Pre-processing 

raw and unstructured text data usually consists of tokenization, filtering, lemmatization, 

and stemming. 
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In the context of text mining, each sentence is treated as its own “document.” 

Special characters (e.g., typically blank spaces) separate words (tokens) within the 

sentence. The process of discretizing or dividing all of the words from an unstructured 

text document is called tokenization. Other characters, such as punctuation marks, are 

also typically removed during this process. 

Consider the following two sentences: (1) A drone strike killed the former 

financier and (2) A drone strike targeted and killed a member of the terrorist group. In 

this particular example, think of these two sentences as separate “documents” 

decomposed into the sequential collection of their respective tokens. To transform 

unstructured raw data into information that algorithms recognize for further processing 

and analysis, documents can be expressed in a matrix of terms (Table 10). This table or 

matrix is referred to as a document-by-term matrix. Here, each row (i.e., document 

vector) represents a different document, the columns represent the words (tokens) 

appearing in those documents, and elements of the matrix are the number of times each 

token appears in that particular document. Continuing with the example, the second 

sentence (“Document 2”) has five words in common with the first sentence (“Document 

1”). More specifically, one of those shared words (i.e., “a”) appears twice in the sentence. 

 

Table 10. Constructing matrix of terms (tokens) from unstructured data. 
 A drone strike killed the former financier targeted and member of terrorist group … n 
Doc 
1 

1 1 1 1 1 1 1 0 0 0 0 0 0 …  

Doc 
2 

2 1 1 1 1 0 0 1 1 1 1 1 1 …  

⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ ⁞ …  
Doc 
m 
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Adding an additional document to the dataset increases the number of rows in the 

matrix by one. The number of columns, however, increases by the number of new words 

(tokens) not previously found in the other documents that have already been captured in 

the matrix. As more documents were appended to the matrix, such as the illustrative 

example in Table 10, those documents increased the width of the matrix. When document 

m is included, one ends up with a matrix where each document vector (row) contains a lot 

of “zeroes” and few “ones” populating the elements of the m x n matrix. This is typical of 

the document-by-term matrix because documents do not contain many distinct words and 

do not have a lot in common with the other documents in the corpus. This property is 

known as a sparsely-populated matrix. 

Instead of simply counting the number of occurrences for each token, one could 

calculate term frequencies (TF) for each token. Since every document in the corpus varies 

in length, it is assumed that tokens would appear more times in a longer document than in 

a shorter document. To account for this phenomenon, the TF is normalized by dividing 

by the number of total tokens in the document n. Continuing with the previous example, 

TF can be computed by dividing each row in Table 10 by the total number of 

terms/tokens in that row (i.e., the entirety of the document). This is depicted in Table 11. 

 

Table 11. Computing term frequencies (TF). 
 A drone strike killed the former financier targeted and member of terrorist group 
Doc 
1 

1/7=0.143 0.143 0.143 0.143 0.143 0.143 0.143 0 0 0 0 0 0 
Doc 
2 

2/12=0.167 0.083 0.083 0.083 0.083 0 0 0.083 0.083 0.083 0.083 0.083 0.083 
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Document and information retrieval techniques leveraged and implemented by 

search engines not only rely on TF when ranking documents for further review, but also 

assign weights to those documents containing a higher number of those “rarer” tokens. 

Inverse document frequency, or IDF, is defined in Equation 4. 

 

Equation 4. Inverse document frequency (IDF). 

𝐼𝐼𝐼𝐼𝐼𝐼 = log �
𝑚𝑚
𝑚𝑚𝑘𝑘

� 

 

In Equation 4, m is total documents of the corpus and mk is the number of documents 

containing the token or keyword k of interest. For the common words, which appear in 

multiple documents mk in the example above (Table 10), such as “a,” “and,” “of”, and 

“the,” the ratio (m/mk) would be close to 1 and the IDF score would be close to zero. Less 

common tokens likely appear in fewer documents relative to the entire corpus of 

documents m, and would therefore have a ratio (m/mk) larger than 1, so the IDF score for 

those keywords would be high. 

 Having defined the two individual components, TF-IDF is expressed as the 

product of the two, as shown in Equation 5. 

 

Equation 5. TF-IDF. 

𝑇𝑇𝐼𝐼 − 𝐼𝐼𝐼𝐼𝐼𝐼 =
𝑛𝑛𝑘𝑘
𝑛𝑛

× log �
𝑚𝑚
𝑚𝑚𝑘𝑘

� 
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TF-IDF is a heuristic used to try and give a finer point on what words or phrases 

are important within a dataset. If the words or phrases are used extensively throughout 

the dataset, they are important. Should words or phrases appear too much, however, they 

lose some of their strength because they might be an artifact of the data collection (i.e., 

term frequency inverted or moderated by the frequency of occurrence across the 

documents in the dataset). Returning to the previous example, common words would 

have a low (i.e., close to zero) TF-IDF because the large TF ratio is multiplied by its 

small IDF component. Conversely, less common words would have a relatively larger 

TF-IDF score because the small TF ratio is multiplied by its larger IDF component. This 

calculation is shown in Table 12. 

 

Table 12. Calculating TF-IDF scores. 
 A drone strike killed the former financier targeted and member of terrorist group 
Doc 
1 

0 0 0 0 0 0.043 0.043 0 0 0 0 0 0 

Doc 
2 

0 0 0 0 0 0 0 0.025 0.025 0.025 0.025 0.025 0.025 

 

In addition to tokenization, as shown with the above illustrative example, I also 

need to perform filtering and either lemmatization or stemming on the corpus of 

documents. In the example above, I noted common words, such as “a,” “and,” “of”, and 

“the.” As the number of documents in the corpus increases to m, these common terms 

known as stopwords or stopterms are expected to increase, as well, and need to be filtered 

out prior to any analyses because they do not convey specific meaning. Specific terms 

might also need to be filtered or stripped out of the corpus of documents. Since this 
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research effort focused on exploring and analyzing kinetic air strikes, I filtered out 

common terms, including “drone strike” and “air strike.” Additional words appearing in a 

large percentage of the data corpus were also removed. 

The other two pre-processing techniques necessary to conduct prior to analyses 

are lemmatization or stemming. These two are similar because both involve reducing the 

length of the words. Stemming converts tokens/words to their essential minimum stem or 

root form (e.g., “terrorism,” “terrorist,” and “terrorists” might shorten to become 

“terroris”). Lemmatization, however, ensures that the root word is a word found in the 

dictionary and allows for different forms of the word to be grouped as the same (e.g., 

“studies” and “studying” become “study”; “be” includes “am,” “is,” and “are”). Though 

computationally more expensive than stemming, lemmatization is the preferred text 

normalization technique because stemming’s algorithm introduces noise into the output 

result since not all of the stems are words found in the dictionary (e.g., “terroris”). For 

text pre-processing, this research effort leveraged the Natural Language Toolkit (NLTK) 

Python library (Bird, Loper, & Klein 2009) for tokenization and lemmatization, and the 

Gensim Python library (Rehurek & Sojka 2010) to filter out stopwords. 

Seeking to understand possible explanations and potential causes for 

radicalization, I organized the text mining analysis into sentiment analysis, as well as two 

interrelated tasks and techniques (i.e., information extraction and topic modeling) that fed 

into concept mapping. However, I recognize that concept mapping, not sentiment 

analysis, provided a more wholistic picture to the manned and unmanned air strike 
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narrative as it relates to radicalization because of likely biases and political leanings 

inherent to many of the collected news article sources. 

To understand and begin to characterize the patterns of this narrative, I identified 

frequently-occurring terms within the corpus. Those words appearing in the news articles 

with high frequency revealed concepts, themes, and topics present in this narrative. 

Section 4.3.2 Frequently-Occurring Words in the News Articles and Mapping of Air 

Strike Operations (Manned and Unmanned) 

As described in Section 4.2, I collected and harvested the data based on a pre-

defined list of keywords. Given the design and nature of this data collection, all of the 

news articles in the data corpus included the term “drone strike” or “air strike.” I removed 

these keywords from the word cloud visualization (Figure 15) to ensure their high 

frequency of occurrence did not skew the data. Figure 15 contains the 50 most frequently 

encountered terms in the dataset. This visualization tool helps identify dominant terms, 

including principal actors and geographic locations. In the word cloud, the size of a term 

relative to another is tied to its frequency of occurrence in the data corpus. That is, terms 

occurring with more frequency appear in the visualization with a larger font size as 

compared to terms occurring with less frequency in the data. Several of the countries 

where the U.S. had been conducting drone strikes, including Afghanistan, Pakistan, and 

Yemen, also appear in the word cloud visualization. 

Table 13 lists the ten most frequently encountered named entity terms in the 

harvested news article dataset. The total number of mentions (i.e., frequency) is listed, 

along with the percentage of articles in the data corpus in which each of the respective 
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terms is mentioned. U.S. was the named entity appearing in the highest percentage of the 

dataset. This was expected since not only was the U.S. often authorizing and carrying out 

the targeted strikes against specific groups who resided in many of the countries 

identified in Table 13, but also the country which has received negative publicity from 

various foreign governments for its counterterrorism policies and operations. Examples 

of this anti-U.S. sentiment stemming from manned and unmanned strikes are presented 

later in this chapter. 

 

 
Figure 15. Word cloud of the 50 terms most frequently encountered in air/drone strike news articles (size 
proportional to frequency). 
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Table 13. Ten most frequently encountered named entities in the air/drone strike news articles. 
Named Entity Number of Mentions Percent of Articles 
Syria 1,462,172 32.93 
Israel 1,431,585 24.20 
Iraq 1,270,133 33.63 
United States 1,242,074 57.67 
Iran 791,067 14.72 
Russia 731,610 17.48 
Afghanistan 658,150 27.72 
Pakistan 630,190 21.41 
Taliban 512,584 18.55 
Gaza 486,711 13.91 

 

Syria and Iraq were the next most popular named entities (in terms of percent of 

articles) appearing in the dataset, both of which were hotbeds for air and drone strike 

operations against Islamic State terrorists. Between August 2014 and December 2018, the 

U.S.-led coalition carried out more than thirty thousand air strikes against Islamic State 

targets in Iraq and Syria (Figure 16) in which the coalition publicly reported the location 

and date of those executed strikes.5 From February 2016 through June 2017, for example, 

the U.S.-led coalition conducted more than half of its nearly 3,400 air strikes on Mosul. 

In March 2017, an American air strike of a neighborhood in western Mosul killed 

hundreds of civilians. The initial news release put out by the Combined Joint Task Force 

Operation Inherent Resolve detailed not only the Islamic State militant units that these 

strikes engaged but also the Islamic State targets destroyed. However, in May 2017 the 

DoD’s investigation concluded that a U.S. aircraft delivered a precision-guided bomb 

                                                 
5 Russia was not part of this U.S.-led coalition, but it began conducting its own Syrian air strikes in 
September 2015. 
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which also caused a large cache of explosives to detonate, leading to the collapse of a 

neighborhood building, resulting in the loss of life for more than 100 civilians. 

In Syria, the U.S.-led coalition provided air strike support to the Syrian 

Democratic Forces from June 2017 through October 2017 as they aimed to retake Raqqa, 

the de facto capital of the Islamic State since 2014. During this five-month period, the 

U.S. coalition conducted two-thirds of its nearly 6,200 air strikes on Raqqa. 

Similar graphical depictions are shown for confirmed U.S. manned and unmanned 

strikes against targets in Afghanistan (Figure 17), Pakistan (Figure 18), and Yemen 

(Figure 19), all of which were countries that were among the most frequently-

encountered terms in the news article data corpus (Figure 15). In contrast, references to 

Somalia were far less common. Though Somalia only had forty-three thousand mentions 

in the dataset, it still appeared in nearly 4 percent of the news articles collected. The 

strikes in Somalia (shown in Figure 20) were important for the U.S. efforts to combat 

terrorist organizations against not only a local Islamic State affiliate, but also al-Shabaab, 

an organization that publicly aligned with al-Qaeda. President Trump’s administration 

authorized an increase in the number of drone strikes carried out in Somalia. In 2017, for 

example, the Trump administration ordered more than two times the number of strikes 

than that of any year during the previous administration. For these reasons, this 

dissertation chose to include the Somalia air and drone strike campaign for analysis. 

Snapshots over time for the air strike campaigns conducted in Afghanistan, Iraq and 

Syria, and Pakistan are in Appendix B. 
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Figure 16. U.S.-led coalition air strikes on the Islamic State in Iraq and Syria, 2014-2018. Source: Airwars 
(2018). 
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Figure 17. U.S. air strikes in Afghanistan, 2015-2018. Note: Excludes approximately 3,600 strikes in which the 
location is unknown or is not verified. Source: BIJ (2020). 

 

The BIJ dataset for manned and unmanned strikes occurring in Afghanistan began 

in 2015 with the Operation Freedom Sentinel mission. BIJ collected data from open-

source material, including news reporting, United Nations reports, and various non-
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governmental organization publications, as well as field investigations conducted by BIJ. 

Between October 2017 and September 2018, the BIJ did not receive aggregated, monthly 

strike data from official U.S. sources. The sole reliance on open-source material led to 

more than three thousand strikes (approximately twenty entries in the dataset) not being 

assigned location information at the province level (i.e., the minimum criteria necessary 

to plot). Though one can assume these strikes targeted areas near larger population 

centers, the missing geographical information prevented these strikes from appearing on 

the map in Figure 17. Given the data collection limitation during that “blackout” period, 

the BIJ’s dataset for Afghanistan likely underreported the total number of targeted strikes 

carried out by the U.S. and its allies. 

Unlike the other theaters where the U.S. military served as the lead executive 

authority for the drone program, the Central Intelligence Agency (CIA), a civilian agency 

operating under Title 50 authorities6, maintained operational control of the drone 

campaign in Pakistan. A key difference between the military and CIA is that the CIA 

strikes were covert operations that the U.S. government did not publicly acknowledge. 

However, in May 2016 the U.S. government did confirm one strike in Pakistan reportedly 

carried out by the Joint Special Operations Command (military) targeted against the 

Taliban leader, Mullah Akhtar Mansour. This strike occurred near the town of Ahmad 

Wal, and is labeled on the map (Figure 18). 

                                                 
6 Title 10 (armed forces) and Title 50 (war and national defense, including the Intelligence Community) 
authorities are codified in the U.S. Code for military operations and intelligence activities, respectively, 
both of which are subject to a set of statutory authorizations, constraints, oversight, and reporting 
requirements. 
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Due to the secrecy of the drone campaign carried out in Pakistan and the U.S. 

position not to publicly comment on these operations, in order to compile its Pakistan 

dataset, the BIJ collected news articles that reported on “suspected” U.S. drone strikes 

near particular locations. As depicted in Figure 18, nearly all of the drone strikes occurred 

in the Federally Administered Tribal Areas (FATA) located in northwestern Pakistan 

along the Afghanistan border.7 Pakistan had not been successful in controlling cross-

border activity of the militants operating out of the FATA. As a result, strikes were 

concentrated in this region due to the presence of the Afghan Taliban, the homegrown 

TTP, and al-Qaeda terrorists, all of which had been provided safe havens. 

 

                                                 
7 As of May 2018, the tribal areas merged with Khyber Pakhtunkhwa. 
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Figure 18. U.S. drone strikes in Pakistan, 2004-2017. Source: BIJ (2020). 

 

The first known U.S. drone strike outside of the Afghanistan battlefield occurred 

in Yemen in November 2002. U.S. officials confirmed that this targeted drone strike 

killed a senior al-Qaeda official in Yemen, who was also the alleged mastermind behind 

the USS Cole bombing in October 2000. However, due to political fallout between the 
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U.S. and Yemeni government, there was not another U.S. air strike in that country for 

nearly seven years. In 2009, the U.S. refocused its attention and efforts on Yemen 

following increased threats and activities stemming from that region, including the 

founding and formation of al-Qaeda in the Arabian Peninsula (AQAP). Around this time, 

intelligence and reporting confirmed an escalation in AQAP’s activities and operations 

that expanded beyond the Saudi Arabia-Yemen region. News reports emerged that CIA 

expanded its targeted strike capabilities in Yemen. After several failed attempts, in 

September 2011 the U.S. successfully targeted and killed Anwar al-Awlaki in Yemen’s 

northern Jawf province (Figure 19). This marked the first occurrence that a U.S. citizen 

was deliberately killed by the CIA in a drone strike. The endorsement by Yemen’s new 

president on the precision of U.S. drone strikes led the U.S. to increase its drone strike 

campaign in the country to support the Yemeni’s military ground operations. In 2015, a 

U.S. drone strike successfully killed AQAP’s leader in Mukalla (also depicted in Figure 

19). By February 2016, U.S. Central Command, whose area of responsibility includes 

Yemen, lifted the veil of secrecy and began to announce military-conducted air strikes 

within the country through press releases. Of course, the difference in reporting between 

the number of strikes identified in the BIJ dataset and the information released by the 

DoD was likely due to unacknowledged strikes conducted in country by the CIA. 
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Figure 19. U.S. air strikes in Yemen, 2002-2018. Note: Excludes approximately 65 strikes in which the location is 
unknown or is not verified. Source: BIJ (2020). 

 

Since 2001, the U.S. has carried out covert operations in Somalia. The Pentagon’s 

Joint Special Operations Command is the lead agency in this theater against the al-

Shabaab insurgent group, but the CIA is also involved in other operations in the country. 

In May 2016, the U.S. acknowledged a military-conducted air strike, which leveraged 

both manned and unmanned assets, against “Raso Camp,” an al-Shabaab training camp 

north of Somalia’s capital Mogadishu (Figure 20). 
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Figure 20. U.S. air strikes in Somalia, 2007-2018. Source: BIJ (2020). 

 

While Figure 16 through Figure 20 graphically depict the locations and number of 

air strikes conducted, the map does not address one of the underlying research questions, 

which is a determination as to whether a connection might exist between air strikes (both 
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manned and unmanned) and terrorist attacks stemming from those officially-sanctioned 

kinetic activities. To begin to approach the research question, this dissertation explored 

how the Mosul and Raqqa air strikes, along with other air strike campaigns (i.e., both 

manned and unmanned) in Afghanistan, Pakistan, Yemen, and Somalia, were 

characterized in the harvested data corpus, and overlay those events against terrorist 

attacks that occurred to determine whether a statistical correlation exists between the two. 

Section 4.3.3 Characterization of Air Strike Operations Narrative 

My approach to process the harvested data leveraged automated processes and 

computational models/tools available in the Gensim Python library to extract the content 

from the main body of the LexisNexis news articles. These steps allowed me to assemble 

the information necessary to develop the key components of the concept map: key actors, 

locations, and themes/topics. 

The initial step to begin to understand the main-body content of the news articles 

is topic modeling. In natural language processing (NLP), topic modeling seeks to find 

hidden structures and themes within the data. Latent Dirichlet Allocation (LDA) is a 

commonly-used topic model (e.g., Blei, Ng, & Jordan 2003). LDA is a probabilistic 

model which looks at the frequency matrix to analyze groups of words using an 

unsupervised learning algorithm to discover underlying, or latent, topics. The output of 

topic modeling is a cluster of words whose distribution forms a particular topic that is 

interpreted and identified/labeled by the analyst or human-in-the-loop. Next, using 

supervised learning techniques, I ran a classification model against each document within 

the corpus to assign a probability of belonging to a topic previously discovered during the 
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unsupervised learning step. Each document does not necessarily belong to a single topic, 

but is rather associated with and comprised of multiple underlying or latent topics. 

Following experiments in which I tuned the input parameters of the LDA model, 

including the number of topics extracted to evaluate topic interpretability, I settled on 

seven topics for the entire news article corpus made up of both unigrams and bigrams.8 

Table 14 shows the output of the topic model I fit to the corpus of articles. The first 

column provides the topic number, the second column contains a listing of the top 

keywords and relevant terms most strongly associated with the topic, and the third 

column contains the human-in-the-loop-generated topic labels. 

Given the collection methodology I previously described in Section 4.2, it is not 

surprising that the keywords and topic labels presented in Table 14 are similar and 

overlap. In fact, overlapping communities are common and valid phenomenon in many 

social networks because individuals have affiliations and ties to multiple communities. 

While this research effort did not explore a more “well-known” or “popular” web-based 

social network, such as either that of Facebook or Twitter, the co-occurrences between 

words in a given article as well as across articles exhibit the same behavior. Each of the 

articles collected from the LexisNexis database contains numerous words—specifically 

named entities and underlying concepts—all of which are linked because they appear in 

the same article and help to contribute to the underlying subjects and themes appearing 

throughout the document. Not only are the entities and topics linked within a given 

article, but they appear with high frequency across many articles within the data corpus. 

                                                 
8 N-grams are words frequently occurring together in the document or a contiguous sequence of words 
appearing in the text. My corpus contains both n=1 (unigrams) and n=2 (bigrams). 
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This often creates challenges for community detection algorithms and LDA-based topic 

models. Specifically, the graph density might approach that of a perfect unit circle (1.0). 

Similar subsets of the bag of words (i.e., word count vectors in which the number of 

occurrences, rather than sequence/order of words matter) tend to co-occur throughout the 

data corpus such that they decrease the prediction power of word embeddings given the 

set of surrounding context words. 

 

Table 14. LDA topic modeling for LexisNexis data corpus. 
Topic Keywords Topic Label 

1 town, died, house, conflict, saturday, carried, intelligence, 
tuesday, british, think, yesterday, united, northern, iran, 
bombing, injured 

War & conflict / 
bombing 

2 missile, southern, going, hospital, dead, think, iran, 
northern, rocket, night, house, want, nation, need, carried, 
senior, died 

Israel / Hamas 

3 missile, need, dead, talk, night, carried, know, spokesman, 
bombing, came, died, going, house, united, nation, 
washington 

Bombing / 
ceasefire 

4 saturday, morning, insurgent, russia, spokesman, 
yesterday, nation, died, want, building, life, help, british, 
ground, house 

War & conflict / 
Islamic State 

5 want, talk, misisle, british, house, insurgent, chief, think, 
bombing, confirmed, yesterday, going, northern, 
spokesman, town 

War & conflict / 
insurgencies 

6 carried, life, russia, senior, talk, tuesday, northern, 
hospital, left, earlier, launched, know, came, injured, 
insurgent, ground, action  

War & conflict / 
bombing 

7 saturday, spokesman, died, southern, nation, talk, russia, 
injured, town, base, following, intelligence, hospital, 
british, confirmed, morning, missile 

War & conflict / 
bombing 

 

Under the assumptions of LDA topic modeling, assigning an article/document to 

one topic is not binary. Rather, articles/documents are associated with multiple topics. 
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Figure 21, which is a visual representation of this research effort’s topic modeling, 

illustrates this probabilistic distribution by showing multiple lines stemming from each 

article. The strength of any particular article-to-topic pairing—as computed by the LDA 

model—is depicted by the weight of each of those lines.  

 

 
Figure 21. LDA visualization for LexisNexis data corpus. 

 

In the illustrative example (Figure 21), the topic with the strongest association to 

Article 1 is Topic 1. However, Article 1 also has strong ties with both Topic 4 and Topic 

7. While Article 169596 is strongly associated with Topic 1, Topic 4, and Topic 7, it has 

strong ties to Topic 2, as well, which is a noticeable difference when compared against 

Article 1. As previously indicated, since the parameters under which I collected the news 

articles yielded similarly-themed documents, it was expected and now confirmed that the 

Topic 1

Topic 2

Topic 3
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Topic 5
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overlapping topic labels assigned in Table 14 would yield comparable results (i.e., many 

articles exhibiting similar topic associations) to the topic strengths presented in Figure 21. 

Additionally, I leveraged spaCy (Montani et al. 2020), an English language NLP 

model trained on written text (i.e., OntoNotes 5 corpus9), to predict and assign named 

entities from the collection of news articles in my LexisNexis data corpus. The spaCy 

model supported eighteen different entity types, including people, religious or political 

groups, facilities, organizations, geopolitical (e.g., cities), and non-geopolitical entity 

locations (e.g., geographical features). Combining the output of the LDA topic modeling 

with the NLP named entity recognition yields a powerful narrative construct (see, for 

example, Stefanidis et al. (2017), which argued for the importance of capturing the 

interactions among the geographic locations, key actors, and concepts necessary to 

further the social media discussion). 

As stated earlier, many social networks become increasingly dense over time 

(e.g., Han & Kamber 2006), some of which might even exhibit graph densities that 

approach the perfect unit circle (1.0). This makes it more challenging to identify 

suspected internal structural properties within the narrative construct because community 

detection algorithms seek to optimize groups of nodes together which interact (e.g., co-

occurrences denoted by edges/links in a network graph) with each other more frequently 

than with those outside of that particular group (e.g., Bedi & Sharma 2016; Newman 

                                                 
9 BBN Technologies, University of Colorado, University of Pennsylvania, and the University of Southern 
California’s Information Sciences Institute collaborated together on this effort to release a large corpus of 
text data comprised of various genres, including newswire, newsgroups, broadcast news, and weblogs. 
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2016). If most nodes are connected to nearly all other nodes, then there will not be much 

latent space available for the detection algorithms to define multiple communities. 

The co-occurrences extracted from the LexisNexis data corpus exhibited this 

same behavior, with a graph density greater than 0.90. Since this network was close to a 

graph density equal to 1.0, the community detection algorithm assigned all nodes to one 

community. To overcome this challenge common in both the social network analysis as 

well as network science communities, I took a similar approach to that of Ronhovde and 

Nussinov (2009) by exploring and analyzing varying resolutions of the network to 

quantitatively estimate the communities. Whereas Ronhovde and Nussinov (2009) 

constructed multiple copies, or replicas, of the same co-occurrence graph and ran the 

community detection algorithm against networks with different numbers of nodes, I kept 

the same number of nodes, but removed a random selection of connections between those 

nodes. Doing so generated latent space, which allowed the community detection 

algorithm to estimate various internal structures present within the narrative construct. 

In order to reduce the graph density to that of a sparse network such that most 

nodes have only a few links while fewer nodes have a higher degree—known to follow a 

power-law distribution—I randomly selected a percentage of the links (drawn from a 

uniform distribution) and deleted those connections. Next, I ran the community detection 

algorithm against the subset of the adjacency matrix and recorded the community for 

each of the nodes. I repeated this process using a Monte Carlo simulation in order to 

generate many replicates of the adjacency matrix. I made a principled argument that 
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nodes belonging to the same group in more than one-half of the total number of runs 

belonged to the same community. 

 

 
Figure 22. Concept map: clustering based on co-occurrences of most frequently occurring key actors, locations, 
and underlying topics in individual articles. (Note: This visualization shows nodes with a degree of at least 24.) 

 

Figure 22 is a visualization of the co-occurrences among the most frequently 

occurring key actors (including organizations), geographical locations, and underlying 
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topics present in the data corpus. Connections in the concept map represent a co-

occurrence between two terms. The weights of the lines indicate the frequency of those 

co-occurrence within the harvested news articles. Nodes are assigned into three groups 

using the Louvain method, and the node community representation below is based on the 

estimates obtained from the Monte Carlo simulation. I chose the Louvain method because 

it is an unsupervised algorithm which determines the number of communities from the 

data, rather than requiring that information as an input parameter (e.g., Blondel, 

Guillaume, Lambiotte, & Lefebvre 2008). 

Though Figure 22 depicts three communities, they are, in fact, open or 

overlapping. This is shown by numerous links connecting nodes to those assigned to 

other communities, and also confirmed statistically with a low modularity score. By 

running a community detection algorithm on the entire LexisNexis data corpus, I am able 

to identify the three main topics covered by the news media. The purple nodes focus on 

the manned and unmanned air strike operations conducted by the U.S. with the support of 

allies against specific targets (e.g., al-Qaeda, Houthi militants/rebels, and the Taliban) 

and individuals (e.g., Hakimullah Mehsud) located in various countries (e.g., 

Afghanistan, Pakistan, and Yemen). The next largest detected community—the 

red/orange nodes—highlights the fight against the Islamic State. Multiple countries (e.g., 

Russia, Syria, and the U.S.) have been involved in an effort to retake control of territory 

once under control of the Islamic State (e.g., Mosul, Raqqa, and Aleppo). Even the 

United Nations is part of this news narrative due to its ongoing efforts to provide 

humanitarian aid during the Syrian Civil War. Lastly, the green nodes represent ongoing 
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military conflict and kinetic strikes between Israel and Hamas, as well as the fight 

between Israel and Hezbollah in the 2006 Lebanon War. 

The five strongest links shown in Figure 22 are for the co-occurrences between 

Afghanistan and the U.S., Syria and the U.S., al-Qaeda and the U.S., Pakistan and the 

U.S., and bombings and the U.S. These connections are expected given the collection 

methodology employed undertook a data-driven, exploratory analysis to understand the 

news narrative surrounding air and drone strikes primarily conducted by the U.S. against 

targets in those specific countries. 

While underlying concepts and themes are available and prevalent in the written 

news articles collected and harvested for analysis from the LexisNexis database (refer to 

Table 9 and Table 14 for a sampling of topics discovered in the data corpus), their node 

sizes, as shown in Figure 22, are much smaller than nodes representing key actors and 

geographic locations. This is an artifact of the structure of the news articles, which 

explicitly highlight named entities (e.g., people and organizations, geographic locations, 

facilities, etc.). Had this collection methodology been used to harvest tweets hosted on 

Twitter’s platform, however, then the larger nodes would also include distinct themes, as 

represented by hashtags. 

To gain a better understanding behind the underlying topics connected to the key 

actors and geographical locations in the data corpus, I analyzed finer resolution views of 

the concept map presented in Figure 22. Figure 23 is an example of this data exploration, 

which expands on the “Hakimullah Mehsud” node in the purple-colored community. Like 

in Figure 22, node sizes in Figure 23 are proportional to their degree (i.e., number of 
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edges connected to the node) and edge widths reflect the frequency of co-occurrences in 

the data. Topics and entities most frequently co-occurring with Hakimullah Mehsud 

include an underlying theme (bombing), as well as two named entities: al-Qaeda and the 

Taliban. As noted earlier, due to the overlapping topics, many of the actors, geographic 

locations, and concepts connected to Hakimullah Mehsud also co-occur with other nodes 

in Figure 22, which means that few subjects and named entities, if any, have exclusive 

association with any one particular node. 
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Figure 23. A zoomed-in view of Hakimullah Mehsud (TTP leader from August 2009 until his death in November 
2013 by a U.S. drone strike). 

 

Many of the terms depicted in Figure 23 are common to and shared across 

numerous entities captured within this data corpus. Though limited by its ability to offer 

specific insights into the exclusivity or pairwise strengths between any two terms, this 

research effort is still able to address one of the research questions identified in Section 

1.2. By conducting exploratory data analysis, specifically text mining, LDA topic 
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modeling, and concept mapping, I leveraged a variety of computational approaches and 

interdisciplinary techniques. Using this analytical toolkit allowed me to reveal the 

underlying communities/structures present in this complex, public-facing narrative 

construct of air and drone strikes during the period 2002-2018, as reported by English-

language news agencies. 

Section 4.3.4 Sentiment Analysis of the News Articles  

Sentiment analysis, which utilizes NLP algorithms, identifies and extracts the 

strength of underlying emotional values from a given data corpus. Specifically, sentiment 

analysis predicts polarity (i.e., positive, neutral, or negative opinions) within the text, and 

can return that information for individual phrases, sentences, or even aggregated across 

entire documents. Due to word ambiguities—a complex and documented problem within 

the NLP community—there are challenges that exist in analyzing sentiment, including 

detecting subjectivity and tone, understanding the context of particular statements, 

interpreting irony and sarcasm, and assigning positive and negative values to statements 

that compare one concept or idea to that of another. 

While Twitter and other social media platforms (e.g., product review websites, 

such as Yelp) might be more likely to contain charged words and emotions in the data, in 

more recent years, the public has accused many news reporting agencies of becoming less 

objective while framing the narrative to push their own political agendas (e.g., 

Gallup/Knight Foundation 2020; Walker & Gottfried 2020). Compared to reporting 

practices and content delivered to the public approximately forty years ago, nowadays, 
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these news sources tend to combine fact with opinions and inherent biases, rather than 

simply report on and present the facts (e.g., Gallup/Knight Foundation 2020).  

Despite these challenges briefly mentioned above, in order to address two other 

research questions posed in Section 1.2—both of which also require text analytics/text 

mining on the collected news articles—I employed sentiment analysis to see whether 

evidence existed which would allow me to connect manned and unmanned kinetic air 

strikes with a discernible change in anti-U.S. (or anti-Western) sentiment. I used an 

unsupervised machine learning approach10 (i.e., rules-based approach with a pre-built 

dictionary/library) to estimate the polarity and subjectivity for all documents contained 

within the data corpus. Polarity takes on values between [-1, 1], where a perfect negative 

sentiment is -1 and a perfect positive sentiment is +1. Subjectivity takes on values [0, 1], 

where 0 is defined as a document containing all factual information and no personal 

opinion. As the estimated subjectivity score moves toward +1, the model assumes the 

document contains more personal opinion and less factual information. An exploration of 

article subjectivity is found in Appendix C. 

I conducted sentiment analysis using VADER and TextBlob, both of which are 

free and open-source, and will report the results of both. VADER (Hutto & Gilbert 2014) 

is calibrated to pick up on the sentiments expressed in the social media domain—to 

include intensity or strength of those emotions through the use of capital letters and 

punctuation—whereas TextBlob (Loria 2018) estimated subjectivity of the reporting. 

                                                 
10 A supervised machine learning approach might involve manually assigning sentiments (“tagging”) to the 
training data (i.e., positive, neutral, and negative), and then applying that classifier model to predict the 
sentiment of the documents belonging to the test dataset. 
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Though the sentence structures of published news articles likely do not contain those 

intense sentiments (e.g., ALL-CAPS and exclamation points) that individuals might use 

on other social media platforms, such as Twitter, I wanted to leverage a model that 

incorporated several other rules and heuristics, specifically degree modifiers (e.g., “the 

drone strike was extremely destructive” is more intense than “the drone strike was 

destructive), shifts in polarity due to conjunctions (e.g., “the drone strike was destructive, 

but was carried out in retaliation against a previous attack” is unbalanced because it 

contains mixed sentiment), and sentence negations that affect the meaning of a clause 

(e.g., “the drone strike was not really that destructive”).  

Figure 24 plots the polarity of each news article in the data corpus with yearly 

average polarity estimates shown as solid red lines. Points on the graph either above or 

below the dashed red lines represent articles whose polarity scores are outside of the 95 

percent confidence intervals. Based on the results graphically depicted in Figure 24, most 

articles in the dataset expressed negative opinions when reporting on news related to air 

and drone strikes. Specifically, the weight of the distribution existed in the tails with 

polarity estimates closer to -1.0. 

More than 85 percent of the articles spanning the seventeen-year dataset were 

categorized as having an overall negative sentiment and more than 13 percent of the 

articles were categorized as having an overall positive sentiment. Those proportions 

fluctuated by year, with the largest percentage of negative articles in 2004 while the 

largest percentage of positive articles occurred in 2007, 2013, and 2015. 
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Figure 24. Sentiment polarity for articles by year. (Note: Each blue mark represents a single article. Solid red 
line is average polarity and dashed red lines are 95% confidence intervals.) 

 

In order to understand the sentiment scores estimated by VADER, I examined a 

finer-resolution view of the news articles estimated to have polarity scores approaching 

perfect negative sentiment (-1.0). Table 15 highlights select passages where the text 

referenced anti-Western sentiment in connection with the kinetic air strikes (manned or 

unmanned) conducted by the U.S. and its allies. The article excerpts come from both U.S. 

and international publication sources. 
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Table 15. Illustrative examples in published news articles of radicalization and terrorist activities that were 
directly tied to air and drone strikes.  
 
 
 
 
Date 

 
 
 
 

Excerpt from Article 

 
 
 
 

Source 

Polarity 
Score 

Estimate for 
Entire 
Article 

January 
2009 

A suspected U.S. missile strike on Thursday killed 
at least five Taliban militants in a tribal area in 
northwest Pakistan known as an extremist 
stronghold, local officials said. Pakistan has 
repeatedly protested to the U.S. that the drone 
strikes violate its territorial sovereignty and deepen 
resentment among the 160 million people of the 
nuclear-armed Islamic nation. 

Windsor Star 
(Ontario) -0.9827 

February 
2009 

The drone strike [against a mlitant hideout in Ladha, 
a stronghold of the TTP] came despite Pakistan's 
hopes the U.S. administration of President Barack 
Obama would review the policy and abandon what 
Islamabad calls a violation of Pakistani sovereignty. 
Several al-Qaeda operatives have been killed in 
similar U.S. missile strikes in the past year, fuelling 
[sic] anti-American sentiments in Pakistan and 
particularly in the tribal belt where Washington says 
Al-Qaeda and Taliban sanctuaries exist. 

Agence 
France-Presse 

(English) 
-0.9934 

May 2012 

The primary focus in the drone debate so far has 
remained on the civilian casualties. Drone attacks 
have mostly been concentrated in the North 
Waziristan Agency (NWA), and some in the South 
Waziristan Agency (SWA) of FATA in Pakistan. 
However, the impact of these killings in particular 
and the presence of drones in general on the citizens 
of Pakistan is worthy of attention, specifically the 
psychological, social and economic impact. Drone 
attacks have changed the social structure in 
NWA…the presence of so many different 
intelligence agencies at work in FATA through spy 
networks has created a high level of mistrust 
between the locals, most notably on suspicion of 
being CIA spies…the already frail state of education 
has deteriorated further due to drone attacks…the 
economy of NWA has suffered a lot due to drone 
strikes. It is evident that CIA-administered U.S. 
drone strikes, like the Pakistan army-run operations 
in FATA, are having an adverse impact on the lives 
of citizens of Pakistan. 

Daily Times 
(AsiaNet-
Pakistan) 

-0.9801 
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June 2012 

The New York Times recently published an op-ed 
written by a 23 year old Yemini democracy activist 
detailing how our drone strikes in Yemen have 
actually increased al-Qaeda's presence in the country 
and are 'leading to the radicalization of people who 
could otherwise be America's allies in the fight 
against terrorism in Yemen…Drone strikes are 
causing more and more Yemenis to hate America 
and join radical militants; they are not driven by 
ideology but rather by a sense of revenge and 
despair.' 

Congressoinal 
Documents 

and 
Publications 

-0.9917 

August 
2012 

At least 12 people were killed as U.S. drones fired 
six missiles at three different targets in Pakistan's 
northwest tribal area of North Waziristan on Friday, 
reported local media. Despite the repeated 
objections voiced by Pakistan over U.S. drone 
strikes, the Untied States has never stopped such 
attacks. 

Xinhua 
General News 

Service 
(English) 

-0.9723 

November 
2012 

The Pakistani Taliban claimed responsibility with a 
video released two weeks after the attack, saying it 
was carried out in revenge for the drone strike that 
killed Baitullah Mehsud, their leader, months earlier. 

The 
Telegraph 
(Online) 

-0.9947 

November 
2012 

The ongoing Afghanistan-Pakistan war has only 
inflamed Pashtun nationalism, exacerbating 
longstanding tensions with Islamabad and Kabul, 
while American military movements create new 
enmities daily. Revenge, a central part of the code of 
Pashtunwali that governs the tribes, ensures that 
nearly every drone strike casualty swells the ranks of 
the Taliban, already largely comprised of Pashtun 
warriors. 

Politics Daily 
(Web Blog) -0.9992 

May 2013 

"Mrs. Michele Obama: Tell us can your husband 
sleep after so many innocent people were killed by 
his drones?" read a banner held by a Yemeni activist 
at a recent rally to protest increasing American 
drone strikes in Yemen. The rally reflected the 
growing anti-American feeling among Yemenis, 
who strongly oppose increasing drone strikes that 
sometimes result in the killing of innocent civilians, 
including women and children. So while American 
forces are succeeding in hitting gunmen in al-Qaeda, 
the drone strikes have also fueled anger against the 
U.S., especially in areas regularly subject to the 
attacks. 

Jerusalem 
Post -0.9919 
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June 2013 

Pakistan's umbrella Taliban movement on Sunday 
claimed responsibility for killing nine foreign 
climbers in the Himalayas, saying it was carried out 
by a previously unknown faction. Spokesman 
Ehsanullah Ehsan telephoned AFP [Agence France-
Presse] to say that the killings were intended to 
avenge the death of the second in command of the 
umbrella Tehreek-e-Taliban (TTP) in a U.S. drone 
strike late last month. 

Agence 
France-Presse 

(English) 
-0.9876 

December 
2014 

Pakistan demands end to drone attacks. Pointing to 
the rapid and destructive spread of terrorism and 
terrorist acts throughout the world Pakistan has 
called for the U.N. counterterrorism strategy to 
focus attention on addressing festering disputes 
foreign occupation and denial of the right of self-
determination. 

Defence 
Journal -0.9819 

November 
2018 

We already know how dangerous this cycle of 
radicalization can be, because similar mechanisms 
have fed Islamist terrorism in recent years. Anwar 
al-Awlaki, the cleric who communicated with the 
2009 Fort Hood shooter and coached a young man 
to try to blow up an airliner over Detroit, left a 
digital footprint that survived on YouTube for years 
after his assassination by an American drone strike 
in Yemen. Videos of his sermons, even anodyne 
history lectures or self-help coaching, were always 
popular, thanks to his pleasant voice and serious 
demeanor. Now they also have a martyr's allure. If a 
viewer clicked on the cleric's earlier, gentler, talks, 
YouTube's algorithms would point the viewer to one 
of his later sermons, like one describing why it's a 
Muslim's duty to kill Americans. Dzhokhar 
Tsarnaev, one of the two Boston Marathon bombers, 
tweeted approvingly about Mr. Awlaki's lectures. 
Chérif Kouachi, one of shooters who killed 12 
people at the Paris offices of the magazine Charlie 
Hebdo in 2015, name-dropped Mr. Awlaki in a 
phone interview with a reporter before being shot by 
police. In death, as in life, Anwar al-Awlaki's words 
inspired lonely, disturbed, or disaffected young men 
to kill. 

The New 
York Times -0.9812 

 

Evidence presented in Figure 24 confirmed that the estimated sentiment conveyed 

across all of the published news articles collected under this research effort was 

overwhelmingly negative. Additionally, a deep-dive (Table 15) into the main-body texts 

of those articles identified specific examples of discontent and grievances stemming from 
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the populations specifically targeted by these air and drone strikes. To address the second 

research question related to sentiment—specifically, whether there was a measurable or 

noticeable increase in negative sentiment directed toward the U.S. and/or its allied forces 

following the use of air strikes—I overlaid these kinetic attacks onto the polarity scores 

estimated for all of the articles in the data corpus. 

Figure 25 is an illustrative example of the analyses conducted, and I chose to 

include it because the following chapter of this dissertation explores and analyzes the 

statistical relationships between U.S-directed drone strikes in Pakistan and the observed 

patterns and frequencies of terrorist activities. The findings presented in Figure 25 are 

consistent with other countries covered in the LexisNexis dataset. At the 95 percent 

confidence level, there was no statistical difference between the estimated average 

sentiment captured in the news articles prior to, during, and/or after the targeted kinetic 

air strikes carried out by the U.S. and its allies. 
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Figure 25. Average sentiment polarity by month for articles referencing Pakistan. (Note: More than 92 percent 
of the U.S. drone strikes conducted against Pakistan occurred between January 2008 and December 2014.) 

 

There are plausible explanations for these unexpected results, several of which I 

briefly describe. First, the methodology used to collect and harvest the news articles 

required that they contain specific keywords (i.e., “air strike” or “drone strike”). Not only 

do these “loaded” or “charged” phrases already imply a negative sentiment, but the 

corpus built from news articles available to me was likely not representative due to non-

random sampling techniques. Given challenges with achieving true random sampling of 

big data to ensure the subset is representative of the population—particularly those found 

in the news and social media domains—Lacy, Watson, Riffe, and Lovejoy (2015) and 
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Riffe, Lacy, Watson, and Fico (2019) offered non-probability sampling as acceptable and 

common practices employed within the academic and research communities when 

adequate sampling was not a viable option. Two techniques most commonly used are 

convenience samples and purposive sampling. Convenience samples only leverage 

content easily and readily available, but the approach might be justified when either the 

data are difficult to obtain or the researcher is exploring an under-researched topic area. 

Preliminary findings stemming from an effort in which the researcher is investigating a 

nascent topic area might generate questions that would lead to follow-on research (as will 

be discussed in Section 6.2). Purposive sampling, which was the non-probability 

sampling technique employed for this particular research effort, is a sample defined by 

the research question (e.g., the U.S. Presidential election, ongoing protest movements, or 

COVID-19 vaccine trials). The nature of the research dictates that purposive sampling 

collect and harvest information from a targeted set of sources (e.g., published news 

articles in the English language), containing content which satisfies specific rules (e.g., 

keywords, such as those for this effort), and/or is based on other research justifications. 

Second, though the news articles analyzed in Figure 25 referenced Pakistan, the 

connection between the country and drone strikes might have been spurious in a number 

of those articles. While Pakistan might have appeared in the main-body content, it could 

have been the result of a passing reference to another event or discussion. For those 

articles, the underlying themes and named entities (i.e., key actors and geographical 

locations) might have been, otherwise, unrelated to Pakistan and the ongoing drone strike 

conversation of interest to this research. 
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Such an example points to a third situation that might have led to these reported 

sentiment analysis results: incidental endogeneity, simultaneity, or collinearity of 

concepts/topics. The non-random sampling technique discussed above introduced 

selection bias into the data. This coupled with challenges of big data—high-

dimensionality and the aggregation of multiple sources, each possibly with different 

underlying data-generating schemes—might have led to incidental endogeneity, which 

Fan, Han, and Liu (2014) defined as the incidental, or unintentional, correlation between 

several covariates and the residual noise. Another cause of endogeneity is simultaneity. 

This is the idea where a system of equations simultaneously, or jointly, determines a 

number of endogenous variables. In other words, the endogenous variable (dependent 

variable, or yi) in one equation appears as an explanatory variable (xi) in another equation 

of the system. Consequently, not only does xi have an effect on yi, but at the same time yi 

has an effect on one or more elements of the explanatory variables xi. Connecting this 

idea back to my research effort, terrorist attacks potentially occurred with more frequency 

due to access, and thereby, opportunity.11 Simply put, the U.S. deployed more assets (i.e., 

troops and resources) into a country because of ongoing terrorist concerns and/or conflict. 

As a result, those terrorist groups and organizations carried out more attacks. 

Fourth, research has shown that, while people consume all types of news, they are 

most interested and concerned with following their local news more closely than news 

pertaining to other countries (e.g., Mitchell, Simmons, Matsa, & Silver 2018; Onyebadi 

& Satti 2021; Shoemaker & Cohen 2006). Though the LexisNexis data corpus included 

                                                 
11 Cyber attacks are an analogous example. There are those in academia and industry who postulate that 
both opportunity and access give rise to the number of cyber attacks. 



112 
 

Pakistani news sources, they were English-language printed editions. Those belonging to 

terrorist organizations or those who sympathized with the terrorist organizations in 

Pakistan likely received their news directly from sources written in their native language 

(e.g., Pashto). Therefore, it is my assessment that this might not have been a rigorous or 

robust test for measuring whether there was an increase in radicalization among the 

people in Pakistan since the English-language sources might not have captured the pulse 

on the ground for the people who would have likely carried out the terrorist attacks. 

Lastly, I might also have an issue with collinearity. In this situation, instead of the 

epsilons (i.e., error term, or residual noise) appearing in the coefficients of the covariates 

due to missing regressors (i.e., explanatory, or independent variable), I might be 

observing a high correlation between two independent variables. Amplification of 

messaging in multiple printed newspapers might be causing this to occur. A similar 

phenomenon took place during the Arab Spring in Tunisia or, to a lesser extent, the 

events immediately following 9/11. Oftentimes, local newspapers publish similar articles 

or news stories because they all receive their content from newswire or news organization 

services, such as The Associated Press or Reuters. 

Purposive sampling might be subject to selection bias due to non-random 

sampling techniques. To overcome this particular issue, Campbell et al. (2003) proposed 

a random sampling technique to select and extract a subset of information from the larger 

dataset originally collected/harvested using non-probabilistic sampling. Even without 

employing this random sampling technique, as long as the limitations are stated with the 

study’s methodology and caveated when reporting results, the community would 
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understand the conditions under which the findings are valid. Often, the aim or objective 

of these research efforts is to explore patterns and is less concerned with characterizing or 

understanding the entire sample space (e.g., Dixon-Woods, Agarwal, Jones, Young, & 

Sutton 2005; Gough, Thomas, & Oliver 2012; Hannes, Booth, Harris, & Noyes 2013). 

Under these particular use cases where the intent is to offer insights and in-depth 

understanding rather than “empirical generalizations” extrapolated from a sample to a 

population (Patton 2002), purposive sampling is an appropriate and accepted technique. 

In this chapter, I conducted exploratory analysis on a data corpus containing 

nearly 413,000 English-language news articles collected from LexisNexis during the 

period January 2002 through December 2018. Per the rules-based approach I laid out to 

perform the purposive sampling in Section 4.2, the articles needed to include at least one 

of the keywords (i.e., “air strike” or “drone strike”). Next, I leveraged a variety of NLP 

analytic techniques to frame the counterterrorism narrative that existed within the news 

media domain (Section 4.3). Finally, in Section 4.3.3, I laid out evidence from the 

collected articles which confirmed a relationship between air strikes (manned and 

unmanned) and radicalization, but did not attempt to characterize or analytically assess 

the strength of that relationship. 

The exploratory analyses described throughout Chapter 4 set the stage for 

applying the computational model (described in Chapter 3) to a real-world case study in 

Chapter 5. The extracted passages displayed in Table 15, for example, coupled with the 

narrative construct presented throughout this chapter, provided the necessary 

foundational evidence I put forth as a research objective in Chapter 1. Concept mapping 
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allowed me to frame this counterterrorism narrative within the news media domain in 

terms of underlying topics, key actors, and geographic locations. Sentiment analysis 

aided in characterizing the targeted population’s level of discontent and grievance. 

However, text mining analysis in this chapter fell short of addressing any statistically 

significant changes of sentiment due to air strikes (manned or unmanned) for the reasons 

explained above. Since an unsupervised machine learning algorithm to estimate 

sentiment proved to be an inappropriate approach, in the following chapter, I explored 

whether terrorist attacks served as a better indicator, or proxy, for changing sentiment and 

discontent on the ground in those targeted countries. 
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CHAPTER FIVE. A CASE STUDY OF PAKISTAN 

For this chapter, I selected Pakistan as the case study for the following two 

reasons. First, the drone strike data spanned nearly the entirety of the collected news 

articles. Second, the U.S. did not deploy military troops to Pakistan or base them in that 

country. Having no U.S. deployed military presence in Pakistan potentially helped me 

isolate the variables of interest (i.e., drone strikes and radicalization), thereby increasing 

the model’s total variation explained by the independent variables. 

Applying the computational model developed and described in Chapter 3 to 

address the fourth and final research question posed in Section 1.2 required me to address 

several inputs, including the patterns and relationships between drone strikes and terrorist 

activities (Section 5.1). Future extensions of this model could incorporate socioeconomic 

conditions in the region, as well as an exploration of the intra- or inter-spread of 

communicated information among individuals and organizations (i.e., network structure 

and dissemination of information), but that is beyond the scope of this initial model and 

application. The implementation of the computational model for the case study of 

Pakistan is found in Section 5.2. 

Section 5.1 Pakistan Drone Strikes and Terrorist Activities 

I used the BIJ dataset described in Section 4.3.2 as my source for Pakistan drone 

strikes (i.e., kinetic actions) and the GTD as my source for terrorist incidents. The 
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objective of START’s GTD project is to collect, record, and maintain all known terrorist 

event within and across countries since 1970 to serve as the “most comprehensive 

unclassified database on terrorist attacks” (National Consortium for the Study of 

Terrorism and Responses to Terrorism (START) University of Maryland 2019). 

For its GTD project, START compiled the data using a variety of publicly-

available, open-source materials, including media articles, electronic news archives, 

existing data sets, and secondary source materials such as books, journals, and legal 

documents. Depending on availability of information, the database captured over 120 

separate attributes for each incident (e.g., date, location, attack information, target/victim 

information, claims of responsibility, weapon information, casualty information, and 

source information), including approximately 75 coded variables. These events were 

collected under nine broad categories: assassination, hijacking, kidnapping, barricade 

incident, bombing/explosion, armed assault, unarmed assault, facility/infrastructure 

attack, and unknown (LaFree 2010; LaFree & Dugan 2007; GTD 2019). 

From 2004-2018, the U.S. conducted nearly all of its Pakistan drone strike 

campaign within the FATA region (refer back to Figure 18 for a geographical laydown of 

the more than 400 strikes). As stated in Section 4.3.2, many of those U.S. strikes targeted 

the Afghan Taliban, the homegrown TTP, and al-Qaeda terrorists. Over that same time 

period (2004 through 2018), Figure 26 depicts the terrorist attacks in Pakistan. Despite 

the U.S. concentrating its drone strike campaign within the FATA (i.e., more than 90 

percent of the strikes targeted two of the tribal agencies/districts within the FATA), the 

terrorist attacks occurred beyond the borders of the FATA tribal region. Two “hotbeds” 
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of terrorist attack activity outside of the FATA were Karachi in southern Pakistan and 

Quetta near the Pakistan-Afghanistan border. Of the more-than-twelve thousand terrorist 

attacks, Karachi and Quetta accounted for 12 percent and 6 percent, respectively, of the 

terrorist events that occurred in Pakistan during that fifteen-year period. 
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Figure 26. Terrorist attacks in Pakistan, 2004-2018. Source: GTD (2019). 

 

Prior to the start of the U.S. drone strike campaign in Pakistan (i.e., January 1, 

2002 through June 16, 2004), there were 100 terrorist attacks carried out in Pakistan, or 

approximately 3.39 terrorist attacks on average per month (0.11 terrorist attacks on 
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average per day) during the “pre-drone strike” period. Similarly, during the drone strike 

campaign, there were 12,347 terrorist attacks, or approximately 75.63 terrorist attacks on 

average per month (2.48 terrorist attacks on average per day). Following the last recorded 

drone strike in Pakistan in January 2018, there were 446 terrorist attacks through 

December 2018, or approximately 39.73 terrorist attacks on average per month (1.31 

terrorist attacks on average per day). 

Though terrorist attacks continued after the last reported U.S.-conducted drone 

strike in country, it might not be appropriate to divide the terrorist attacks into a before-

during-after scheme. One reason is because nobody knows when the next drone strike 

might occur. Similar to living in a post-9/11 world, I argue that the drone strike campaign 

in Pakistan forever changed the threat landscape, ideology, and actions of the individuals 

inhabiting that country. While there was an observed decrease in the calculated rates of 

terrorist attacks per month from the “during-” to the “post-” drone strike periods, the rate 

remained elevated during the post-drone strike period. To gain a better understanding of 

the longer-term trends and interplay between the drone strikes and the terrorist attacks, I 

plotted the two series together (Figure 27). 

Figure 27 shows the number of drone strikes per month (red) and the number of 

terrorist attacks per month (blue) in Pakistan by month from January 2002 through 

December 2018. The rate at which the U.S. conducted its targeted drone strikes in 

Pakistan increased slowly between its initial strike (June 2004) and December 2007. 

From January 2008 through October 2010, the U.S. accelerated the rate at which it 

launched those targeted drone strikes against individuals within Pakistan. From the peak 
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in October 2010 through September 2013, however, the rate at which the U.S. conducted 

its targeted drone strikes in Pakistan declined (4.9 percent year-over-year). The rate of 

terrorist attacks followed a similar curve/pattern to the rate of drone strikes. An initial 

uptick of terrorist attacks started in early 2009, and that rate of terrorist attacks increased 

from January 2011 through May 2013. After the rate of terrorist attacks plateaued in 

April 2014, the rate sharply declined through May 2016 (3.8 percent year-over-year), and 

continued to decrease through December 2018 (2.5 percent year-over-year). 

Most noticeably, the two series in Figure 27 followed a similar curve/shape, but 

were offset by a varying number of months. The rate at which the U.S. drone strikes 

began to accelerate (January 2008) was followed by a similar, observed acceleration with 

the rate of terrorist attacks (June 2008), or approximately six months later. Once the rate 

at which the U.S. carried out drone strikes leveled off in December 2010, the average, 

rate of terrorist attacks also began to decline (April 2014), or approximately 40 months 

after this observed behavior. 

The before-during-after analysis reported earlier in this section coupled with the 

high persistence present in the rates of both the drone strikes and terrorist attacks shown 

in Figure 27 suggested that I needed to build a distributed lag model to help explain and 

characterize the interdependence between the drone strikes and terrorist attacks. The 

varying lags between behaviors at the beginning of the drone strike campaign compared 

to the lags observed after the height of the drone strike campaign implied a long-memory 

process—that is, a strong association between observations occurring far apart in time, 

such that an effect from a prior shock (i.e., drone strike) would not quickly decay over 



121 
 

time. Details identifying and specifying a model to characterize the causal relationships 

between the two series are found in Appendix D, and model explorations to fine-tune the 

population parameter are contained in Appendix E. 

 

 
Figure 27. Drone strikes and terrorist attacks in Pakistan, 2002-2018. Sources: BIJ (2020) and GTD (2019). 

 

Section 5.2 Computational Model Applied to Pakistan 

This research effort leveraged the proof-of-concept computational model 

developed in Chapter 3 and applied it to the Pakistan use case for the period June 2004 

through December 2018 by calibrating/parameterizing specific model inputs that 
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stemmed from the empirical analyses presented in Appendices D and E. Table 16 defines 

several of the variables used in the computational simulation. 

 

Table 16. Definition of select variables used in the computational simulation. 
Variable Definition 
Time step Each tick in the simulation represents one month. 

Agents Population assumed to be those targeted by U.S. drone 
strikes in Pakistan. 

Initial terrorist attack 
probability 

Each of the agents is initialized with a likelihood of 
carrying out a terrorist attack. 

Drone strike current period 

Agents “affected” by the drone strike in time period t, as 
well as those directly linked to those agents, increase 
their likelihood of carrying out terrorist attacks in time 
period t. 

Drone strike lag 

Agents “affected” by the drone strike in time period t-m, 
where m is the number of months ago (as defined by the 
drone month lag variable), as well as those directly 
linked to those agents, increase their likelihood of 
carrying out terrorist attacks in time period t. 

Drone month lag Approximates the number of months between peaks of 
the rates of drone strikes and terrorist attacks. 

Decay rate 
Terrorist attacks carried out in the current time period t 
are a function of terrorist attacks carried out in the 
previous month with an assumed rate of decay. 

 
 

Table 17 provides the parameter estimates12 for the variables defined in Table 16. 

The values specified in the table were used in the baseline run of the simulation to ensure 

the reported output of the rate of terrorist attacks qualitatively agreed with the macro-

level behaviors exhibited in Figure 27. 

 

                                                 
12 Initial terrorist attack, drone strike current period, drone strike lag, and decay rate all contribute to 
whether the agent’s likelihood to conduct a terrorist attack in the current time step increases or decreases. 
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Table 17. Input parameter settings used to calibrate computational simulation for Pakistan case study. 
Variable Parameter Setting Source 

Time duration per run June 2004 to  
December 2018 BIJ (2020); GTD (2019) 

Population 

500 agents in simulation 
(i.e., 1 agent represented 

6,000 people in the 
FATA region) 

Marten, Johnson, and Mason (2008); 
Nawaz (2009); Parametric 
exploration (Figure E-2) 

Network structure Preferential attachment 
(i.e., scale free) 

Helfstein and Wright (2011); Medina 
and Hepner (2008); Sageman (2004); 

Xu et al. (2009) 
Rate of drone strikes Varies by month Parametric exploration (Figure 27) 
Initial terrorist attack 
probability ~N(0.010933, 0.029) Parametric exploration (Figure D-313) 

Drone strike current 
period ~N(0.430692, 0.116) Parametric exploration (Figure D-3) 

Drone strike lag ~N(1.582621, 0.510) Parametric exploration (Figure D-3) 
Drone month lag 25 Parametric exploration (Figure E-2) 
Decay rate ~N(0.918805, 0.024) Parametric exploration (Figure D-3) 
 

 

Figure 28 shows the average rate of drone strikes (solid red line) and average rate 

of terrorist attacks (solid blue line) outputted from one thousand repeated simulation runs 

of the computational ABM using the baseline parameter settings identified in Table 17. 

Since model dynamics might be biased by initial conditions of the simulation, ABMs 

typically require a “burn-in” period where early observations are ignored and discarded 

from the analysis (e.g., Caiani et al. 2016; Sanatkar, Scoglio, Natarajan, Isard, & Garrett 

2015; Williams, O'Brien, & Yao 2017). Due to non-stable behaviors and processes 

exhibited at the beginning of this simulation, this model included a “burn-in” period of 

thirty-five months to allow the terrorist attack series to approach the probable region of 

                                                 
13 Since the constant term in the regression (Appendix D) is not statistically different from zero, the mean 
and standard deviation used for the constant term in the model come from the same regression equation on 
a linear transformation of the data. 
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the sample space. By introducing shocks into the system at a rate equivalent to the U.S. 

drone strike campaign in Pakistan from June 2004 through December 2018, the 

simulation of agent interactions occurring at the local level (“bottom-up approach”) 

generated a terrorist attack series which approximated and qualitatively agreed with the 

observed data depicted in Figure 27. For ease of comparison, the “actual” terrorist attack 

series is overlaid onto Figure 28, and is represented by the dashed gray line. 

 

 
Figure 28. Average rate of drone strikes and average rate of terrorist attacks from baseline simulation runs. 
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Though defined as a Level 1 model (Axtell & Epstein 1994), there are still 

quantifiable differences between the curve generated by the simulation and the actual 

data, as annotated in Figure 28 and empirically demonstrated by comparing the 

differences between the coefficient estimates from the regression outputs using the 

simulated data (Figure D-8) and real-world data (Figure D-9).14 During the period June 

2007 through the initial peak of the actual data, there were 5,582 terrorist attacks 

recorded in Pakistan. Over that same timeframe, the simulation generated 4,521 terrorist 

attacks, or 81 percent of the actual. Though the simulated curve generated its initial peak 

in the same month as the actual series, the actual series remained elevated for 

approximately five months longer. The curve generated by the ABM also had a smaller 

magnitude than the actual data (i.e., 186 terrorist attacks per month, as compared to 192 

terrorist attacks per month, or approximately 3.1 percent lower). Both the simulated and 

actual series began to decline around the same time in June 2014. However, because the 

year-over-year decrease for the simulated series was less than the actual data, the ending 

value reported by the simulation remained higher than the actual (i.e., 40 terrorist attacks 

per month, as compared to 33 terrorist attacks per month, or approximately 21.2 percent 

larger). By visually inspecting the two series in Figure 28, it was expected that the 

simulation generated an overestimate of the number of terrorist attacks from July 2014 

through December 2018 (i.e., 5,412 terrorist attacks, as compared to 4,262 terrorist 

attacks, or 27 percent more than the actual). Despite these differences between the two 

series, I would argue that this computational ABM qualitatively agreed with the 

                                                 
14 This suggests that the model generally captured the system behaviors in the aggregate, but the details of 
the model were imperfect due to model misspecification. See Appendix D for a further discussion. 
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empirical, macro-level data. Not only did the generated curve from the simulation follow 

the same shape as the actual series, but it also estimated 12,444 terrorist attacks from 

June 2007 through December 2018, which is 99.95 percent of the 12,450 terrorist attacks 

that actually occurred in Pakistan during the same period. 

To gain a better understanding of the relationship among the various model’s 

parameters, this section also presents parametric analyses. Inputs modified included the 

likelihood of carrying out a terrorist attack in the current period t due to a drone strike in 

the current period t (drone-strike-current-period), the likelihood of carrying out a terrorist 

attack in the current period t due to a drone strike executed m number of months ago 

(drone-strike-lag), the approximate observed time duration between the peaks of the 

drone strike and terrorist attack series (drone-month-lag), and number of agents 

interacting within the preferential attachment static network (i.e., scale-free network). 

 The sensitivity analyses focus on how changes to the input parameters affect the 

magnitude and shape of the terrorist attack curve generated by the simulation. All of the 

sensitivity analyses conducted generally showed a similar relationship between the drone 

strike campaign and the terrorist attack response. Though the magnitude of the peaks for 

the terrorist attack curves increased or decreased, the shapes of the curves were somewhat 

insensitive to changes in the input parameters. As compared to the baseline results (i.e., 

solid blue line overlaid onto Figures 30 through 32), if the targeted population were more 

angered (i.e., measured by an increased likelihood of carrying out a terrorist attack) in the 

current period t from drone strikes in the current period t (Figure 30), or more angered in 

the current period t from drone strikes occurring t-m months ago (Figure 31), then not 
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only did the rate of terrorist attacks accelerate (i.e., as shown with a steeper slope), but it 

also resulted in a larger magnitude for the peak of the terrorist attack curve. 

Additionally, a longer time horizon (measured in months) necessary for the build-

up of lingering and lasting effects of anger stemming from drone strikes against the 

population15 shifted the peak of the terrorist attack curve out to the right and subsequently 

decreased the magnitude of that peak, as compared to simulation perturbations which 

incorporated shorter time horizons (Figure 32). A plausible explanation for this behavior 

observed within the simulation is that previous terrorist attacks coupled with drone strikes 

that occurred t-m months ago might have generated entropy within society. An ample 

number of events compressed into a short amount of time likely led to a “tipping point,” 

thereby causing an increased rate of attacks (e.g., the Arab Spring). Given enough time—

and also eventually a decreased exogenous stimulus (i.e., drone strikes) in Pakistan—the 

rate of terrorist attacks within Pakistan plateaued and eventually returned to levels that 

were similar to those observed prior to the start of the drone strike campaign. 

Jenkins, Willis, and Han (2016) did not find the presence of this hypothesized 

clustering effect for terrorist attacks occurring in either the U.S. or Europe between 2003-

2013. However, Figure 29 shows that the time between terrorist attacks in Pakistan 

during the period June 2004 through December 2018 followed an approximate power-law 

curve, which was consistent with both Clauset, Young, and Gleditsch (2007) and Spagat, 

Johnson, and Weezel (2018). The distribution of the terrorist attacks in Pakistan (Figure 

29)—with nearly 95 percent of those terrorist attacks occurring either on the same day or 

                                                 
15 There is an associated time lag for people to mobilize, identify targets, train, and plan for an attack. 
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within one day of the previous attack—suggested that these attacks tended to group 

together.16 This meant the next attack was more likely to occur at the same location as the 

previous attack. While complexity theory is not able to predict when the phase of a 

system will change between stability and randomness, and back again, Collins (2020) 

attempted to quantify time patterns of “violence-triggering thresholds” for various types 

of activities, including riots and revolutions. Though terrorist attacks were not 

specifically included in the categorized list of activities which were assessed, the 

empirical analysis of the Pakistan drone strikes further demonstrated that transitions of 

systems can occur quickly, sometimes in only a matter of days. 

 

                                                 
16 Prior to the U.S. drone strike campaign in Pakistan (i.e., January 1, 2002 through June 16, 2004), only 26 
percent of the terrorist attacks occurred either on the same day or within one day of the previous attack.  
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Figure 29. Frequency of terrorist attacks in Pakistan (2004-2018) plotted on a log-log scale. Source: GTD (2019). 
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Figure 30. Sensitivity analysis: changes in the rate of terrorist attacks due to varying the drone-strike-current-
period parameter. 
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Figure 31. Sensitivity analysis: changes in the rate of terrorist attacks due to varying the drone-strike-lag 
parameter. 
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Figure 32. Sensitivity analysis: changes in the rate of terrorist attacks due to varying the drone-month-lag 
parameter. 
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simulation, damped out. This resulted in the loss of the reinforcing function, and thereby, 

the loss of the level of anger, hatred, or turmoil that spread throughout the network of 

agents in the simulated environment. 

Performing sensitivity analyses on the population parameter served two purposes. 

One was to understand the reinforcing function of the underlying opinion dynamics that 

spread throughout the network of agents, and those excursions helped to validate the 

model. The second was to determine the appropriate number of agents and optimal 

network size to explain the level of interaction necessary to induce the desired stimulus 

within the simulation. In other words, it was imperative for this research effort to 

understand the requisite number of interconnected agents to calibrate/parameterize the 

model in order to depict real-world behaviors observed in Pakistan. 

This chapter took the computational, opinion dynamics model developed in 

Chapter 3 and applied it to a use case in Pakistan to reproduce the terrorist attacks which 

occurred in that country as a result of the U.S. drone strike campaign from 2004-2018. 

The baseline simulation only leveraged open-source, publicly-available data to calibrate 

and parameterize the computational ABM of opinion dynamics in order to generate the 

output terrorist attack series depicted in Figure 28. The simplicity and elegance of the 

model was that nearly 100 percent of the variability of the terrorist attacks in Pakistan 

during the period was explained by drone strikes and previously-conducted terrorist 

attacks (Figure D-3). By leveraging the literature from radicalization (Section 2.1) and 

opinion dynamics (Section 2.2), as well as evidence collected from the radicalization and 

drone strike narrative characterized by the news media (Chapter 4), this dissertation 
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advanced the field by simulating the dissemination of opinions through a notional 

terrorist network to generate terrorist attacks that approximated the rate and magnitude 

observed in Pakistan from 2007 through 2018. 

A natural extension of this model could be to study the tribal and clan structures 

present in the FATA in order to design a system of agents that approximates the observed 

networks in that particular region. By collecting this information and conducting post-

processing (e.g., social network analysis), one could begin to understand the unique 

characteristics of the individuals and terrorist organizations who inhabit the area. This 

would give academicians, as well as those in industry or the government, an opportunity 

to address a range of questions, including recruitment efforts, network evolution (i.e., 

modeling the network as dynamic rather than static, which was implemented for this 

effort), and the diffusion or spread of information and ideas. All of these areas of research 

would be of interest to a variety of customers, but particularly helpful for the DoD and 

Intelligence Community as they execute the national counterterrorism strategy. 
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CHAPTER SIX. CONCLUSION 

Section 6.1 Dissertation Summary and Research Contributions to Computational 

Social Science 

Recognizing the complexities surrounding terrorist networks (e.g., Sageman 

2004; 2008) and the multitude of hypothesized radicalization pathways, this dissertation 

sought to examine those systems further by fusing together several pieces of analyses 

under one body of research. This effort took a data-driven approach to provide an original 

contribution to the academic fields which lies at the crossroads of computational social 

science and national security. Specifically, the dissertation developed a computational 

model of opinion dynamics and radicalization stylized against real-world data collected 

from and validated by a variety of sources (i.e., all publicly available), including the news 

media (Chapter 4), which captured both radicalization and kinetic actions (i.e., manned or 

unmanned air strikes) into its narrative. The rest of this section highlights the results and 

key takeaways from each of the chapters that contributed toward addressing the research 

questions presented in Chapter 1. 

The literature review in Chapter 2 took inventory of the current research in the 

areas of radicalization (Section 2.1) and opinion dynamic modeling (Section 2.2). Despite 

the existence of several agencies and organizations operating at the federal level, whose 

missions are to protect and promote U.S. national security interests against domestic and 
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foreign terrorist threats, there does not appear to be a universally-accepted or common 

working definition of radicalization within the U.S. Government. This disagreement and 

ongoing debate are present in the academic community, as well. Academics have 

published working theories on radicalization and also hypothesized characteristic traits 

(e.g., psychological, social, ideological, etc.) that might cause somebody to adopt 

extremist ideology and choose a life of violence, but these influence factors cannot be 

reduced to a single profile (e.g., Hardy 2018; Pisoiu, Zick, Srowig, Roth, & Seewald 

2020). While many of the theories have overlapping themes—but might simply choose 

different words or metaphors to describe the pathway from indoctrination through 

willingness to kill—they appeared to be retrospective (i.e., modeled after specific case 

studies or anecdotal evidence of individuals). Though many have published in this field, 

particularly following the events of 9/11 (e.g., Klausen et al. 2016; Orsini 2020), the jury 

remains out on possible trigger points that might cause some individuals to journey down 

this ideological path and choose violence to enact political change. 

A reason for this noted shortcoming in the academic literature is because those 

various efforts focused on assigning labels to terrorists and their respective organizations, 

and also attempted to identify motivating factors to explain terrorist attacks. By our very 

nature, humans seek to categorize the world around them in order to simplify reality (e.g., 

Liberman, Woodward, & Kinzler 2017; McGarty 2018). However, Sageman (2004) 

argued that there is not one particular terrorist profile. Since societies—to include 

terrorist organizations—are complex adaptive systems with emergent properties, it is, 

therefore, not logical to reduce terrorists or their respective organizational network 
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structures down to a common profile. Instead, terrorist organizations are flexible. 

Terrorist organizations, which are systems governed by a feedback loop, continually 

learn, adapt, and evolve in response to government-sanctioned counterterrorism 

operations (e.g., Bousquet 2012; Cabayan et al. 2013; Sageman 2004; 2008). As such, 

computational simulations should incorporate these complexities when modeling 

behaviors of and actions carried out by terrorist organizations. This dissertation has 

demonstrated that approach. 

In addition to the radicalization literature, this dissertation also reviewed opinion 

dynamic modeling, which this research leveraged, as well, to develop a computational 

ABM. Many stressed the role that networks play in influencing others to join a particular 

cause (e.g., Kruglanski et al. 2014; Sageman 2008; Webber & Kruglanski 2018). Friends 

or family, for example, within a social network who embraced a particular ideology or 

even terrorism might lead an individual to accept and support the same extremist 

behaviors, as well (e.g., Sawyer & Hienz 2017; Smith 2018). The hyperconnectivity of 

today’s environment has expanded those social networks. No longer are connections 

between individuals limited to physical interactions or constrained by geography. Instead, 

anybody with a device and an Internet connection can consume and disseminate 

information, propaganda, and rhetoric instantly. Given the ability to communicate and 

collaborate anywhere and everywhere—which diminishes the importance of both time 

and space—the tentacles of terrorist networks are often far-reaching. Operational security 

practiced by these organizations, as well as the availability of Internet chatrooms and 
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other platforms designed with end-to-end encryption for obfuscation, however, has 

blurred the boundaries of these various organizations and/or affiliate groups. 

That is why it is imperative for intelligence collection to inform senior U.S. 

decisionmakers and policymakers on the key players within the terrorist organization and 

also the network structure. Characteristics of the network might dictate which 

counterterrorism strategies and operations the U.S. chooses to employ. A decentralized 

network, in which information typically spreads quicker than if it were to travel through a 

hierarchical structure, is more resilient to the removal of key actors. However, a well-

connected and decentralized network has a greater likelihood of being visible to various 

intelligence collection methods and tradecraft than a network with fewer/sparser 

connections because of the increased communications inherent in those denser networks. 

The framework established and described in Chapter 3 laid the groundwork for 

the application use case presented in Chapter 5. Leveraging prior efforts highlighted in 

Chapter 2 and Appendix A, as well as the evidence that linked together radicalization and 

manned/unmanned air strikes framed by the news media and detailed throughout Chapter 

4, supported the development of a computational model grounded in both theory and 

empirical research and analyses of both radicalization and opinion dynamics. This 

approach enabled the use of quantitative and analytical techniques to explain terrorist 

attacks as a function of both drone strikes and prior terrorist attacks, which does not 

appear to have previously been conducted and/or documented under one body of research 

in the fields of computational social science or national security. 
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Section 6.1.1 Summary of Results 

Chapter 4, which employed exploratory analysis, addressed three of the four 

research questions. Tackling these three research questions required text analytics and 

text mining of the collected news articles. In the following sections, I restate the research 

questions and summarize the results for each of those three questions. 

Section 6.1.1.1 Research Question 1: What effect do air strikes (either manned or 

unmanned) have on the targeted population’s level of discontent and grievance from 

2002 through 2018? 

To address RQ1, I conducted sentiment analysis against the data corpus of news 

articles from January 2002 through December 2018. The articles, which contained either 

the keyword “air strike” or “drone strike,” and collected under a purposive sampling 

construct, showed that an overwhelming majority (i.e., more than 85 percent) of the news 

articles exhibited a negative tone (Figure 24). For the news articles with polarity scores 

approaching perfect negative sentiment (-1.0), I further investigated the main-body 

content. Anecdotal evidence of passages extracted from the data corpus (Table 15) 

provided illustrative examples of the negative sentiment tagged and measured by 

unsupervised machine learning techniques. These examples, as well as others gleaned 

from the articles, provided further evidence of a linkage between air/drone strikes and 

radicalization. While both international and U.S. printed news sources had articles that 

were negative in tone, a limitation of this particular analyses was that this research effort 

did not compare the overall sentiment of the air and drone strike data corpus against a 

baseline or control group set of articles to determine whether stories written in connection 
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to these kinetic activities had, on average, an increasingly negative sentiment or tone in 

their reporting. 

Section 6.1.1.2 Research Question 2: To what extent is the measurable change in 

expressed negative sentiment observed within Pakistan from 2004 through 2018 linked to 

drone strikes and to actual terrorist actions in time? 

For RQ2, the machine learning algorithms were not able to discern—with any 

acceptable level of statistical confidence—changes in the average sentiment captured by 

the news articles prior to, during, or after the targeted kinetic air strikes carried out by 

either the U.S. or its allies. I found this after I overlaid the Pakistan drone strikes onto the 

polarity scores estimated for all of the articles in the data corpus. While it is reasonable to 

expect a difference, there was, in fact, no statistical difference. Whereas drone strikes 

likely induce terrorism—as suggested via a feedback loop mechanism that governs the 

terrorism-counterterrorism system—it is possible that drone strikes do not induce a 

change in the tone of the in-country commentary. There are those who believe that the in-

country commentary is a poor measure of sentiment. Following that logic, in order to 

investigate the pulse on the ground in Pakistan, I would need to analyze social media 

content instead of traditional news reporting. 

Should there be a connection between drone strikes and a change of sentiment for 

the in-country narrative, however, I offered plausible explanations for not being able to 

quantify the difference in tone at the end of Chapter 4 and restate a few here for 

emphasis. The methodology used to collect and harvest the news articles required that 

they contain specific keywords, which many might view as “loaded” or “charged” terms 



141 
 

that already implied a negative sentiment. A second reason for not being able to discern a 

statistical difference was that articles containing one or more of the required keywords 

might have only had a spurious connection between the use of air or drone strikes and a 

country named or referenced in that article. Lastly, rather than reviewing and analyzing a 

diverse set of articles, I might have observed an amplification of messaging. Oftentimes, 

local newspapers publish similar articles or news stories because they all receive their 

content from newswire or news organization services. This was common during the Arab 

Spring or even immediately following the events of 9/11. 

Section 6.1.1.3 Research Question 3: What are the geographic locations, key actors, and 

underlying topics/concepts captured and characterized by the printed news articles from 

2002 through 2018, and how are these three dimensions linked together in the 

counterterrorism narrative framed by those news sources? 

Adhering to the processing framework and roadmap laid out at the beginning of 

Chapter 4, this research effort presented a concept map (Figure 22) that tied together 

geographic locations (Table 7 and Figure 12), key actors (Table 8 and Figure 13), and 

underlying topics (Table 9 and Figure 14) involved in the narrative captured by the news 

media domain. Findings showed that three communities emerged over the seventeen 

years of coverage: (1) manned and unmanned air strike operations conducted by the U.S. 

with the support of allies against specific targets (i.e., groups, organizations, and 

individuals), (2) the fight against the Islamic State, and (3) ongoing military conflict and 

kinetic strikes between Israel and Hamas, as well as the fight between Israel and 

Hezbollah in the 2006 Lebanon War. Though neatly packaged into a succinct list, these 
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communities were, in fact, open and overlapping, as shown by the numerous links 

connecting nodes to other clusters (Figure 22) and similar topics extracted by the LDA 

topic modeling (Table 14). 

Section 6.1.1.4 Research Question 4: What observed characteristics or underlying 

processes in Pakistan explain the frequency in terrorist activity subsequent to drone 

strikes? 

Chapter 5 successfully applied the computational ABM developed and described 

in Chapter 3 to the case study of Pakistan, with a caveat. Though this ABM captured the 

behaviors in the aggregate, details of the model were imperfect due to model 

misspecification. To begin to understand the underlying, micro-level behaviors of the 

system, which are the crux of this research question, further work is warranted. Appendix 

D offers other models a future researcher could employ as an ABM to explore the 

relationships between Pakistan drone strikes and the subsequent terrorist attacks in the 

country, possibly at an increased level of detail needed to address this research question. 

Despite not being able to characterize the underlying processes, there is merit to 

this research and data-driven modeling effort. The ABM applied to the Pakistan case 

study (Chapter 5) calibrated and parameterized the agents and exogenous shocks (i.e., 

drone strike campaign carried out by the U.S. from 2004-2018) with empirical data 

sources to simulate and reproduce the aggregated, country-level terrorist attacks in 

Pakistan (Figure 28). The simplicity and elegance of the model was that nearly 100 

percent of the variability of the terrorist attacks in Pakistan during the period was 

explained by drone strikes and previously-conducted terrorist attacks. By leveraging 
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opinion dynamics (Section 2.2) and radicalization (Section 2.1) literature, the 

radicalization and drone strike narrative characterized by the news media (Chapter 4), as 

well as the drone strike and terrorist attack data (e.g., Figure 27), I built a data-driven 

ABM to simulate the dissemination of opinions through a notional terrorist network to 

generate terrorist attacks in the aggregate, which approximated the rate and magnitude 

observed in Pakistan from 2007 through 2018. 

Section 6.1.2 Research Contributions to the Field  

As shown throughout this dissertation, terrorist network systems and 

radicalization pathways are systems not easily predicted using a structured methodology. 

Rather, my research confirms that they are complex adaptive systems (e.g., Sageman 

2004; 2008) requiring a multi-disciplinary approach to tackle the questions formalized in 

Section 1.2, which the field of computational social science is well-positioned to handle 

and my research effort demonstrated. This data-driven dissertation—which leveraged 

NLP, social network analysis, as well as a variety of other analytical tools and 

techniques—fused together and presented under one body of research the following 

elements: (1) current academic theories on radicalization and opinion dynamics, (2) a 

data corpus of collected and harvested news articles which covered both air and drone 

strikes, (3) open-source and publicly-available data on drone strikes and terrorist attacks, 

and (4) a computational ABM of opinion dynamics informed by empirical analyses. 

Based on a review of the literature, this appears to be the first body of work to do so, 

which presents original contributions to the field and, thereby, lays the foundation for 

further work in the area of data-driven modeling within computational social science. 
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Section 6.2 Future Work 

In addition to the modeling extensions proposed in Chapter 5, I offer the 

following recommendations and potential opportunities for future research. Chapter 4 

focused on the air and drone strike narrative, as captured and characterized by the printed, 

English-language news articles. Further studies could expand the scope of this collection 

effort to include non-English language news sources, or even incorporate content from 

social media platforms (e.g., Twitter) to assess the social narrative from the perspective 

of other countries. If the data acquisition effort were successful in collecting news media 

articles from a diverse set of countries, or even able to target specific social media 

platforms to collect and harvest propaganda material from terrorist organizations and 

their sympathizers (e.g., Bloom, Veilleux-Lepage, et al. 2019), the researcher could 

consider conducting a comparative analysis to see how different countries (or Western 

versus non-Western) and/or terrorist organizations framed this counterterrorism narrative 

(e.g., Bloom, Tiflati, & Horgan 2019; Hassan 2014; Ludvigsen 2018). 

Two additional areas of research opportunities for Chapter 4 are incorporating 

different definitions of n-grams into the analyses and capturing how the narrative framed 

by the printed news outlets changed over time. To conduct the LDA topic modeling, this 

research effort relied on a corpus comprised of both unigrams and bigrams (i.e., two 

adjacent words). A natural extension might be to modify the definition of n-grams to see 

which words and phrases typically appear together in the same sentence, paragraph, or 

document (i.e., co-occurrences of words at different distances). Documents with the same 

words or phrases appearing closer together might suggest stronger similarities or a greater 
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importance when estimating latent topics, as compared to the bag-of-words model where 

structures and word interactions at the local level are disregarded. Leveraging this co-

occurrence technique could help law enforcement and intelligence collection with content 

and link analysis to discover, analyze, and characterize hidden communities/networks and 

their relationships to one another (e.g., Benjamin, Chen, & Zimbra 2014; Weinstein, 

Campbell, Delaney, & O'Leary 2009; Zhou, Reid, Qin, Chen, & Lai 2005). 

Chapter 4 of this dissertation also presented one concept map comprised of key 

actors, geographic locations, and underlying topics aggregated from seventeen years of 

data collected from news articles. Another interesting look would be to see how the 

narrative captured and framed by the printed news outlets varied over time (i.e., potential 

changes to the key actors, locations, and topics). Instead of conducting LDA topic 

modeling and constructing only one concept map for the entire seventeen-year data 

corpus, a researcher might choose to run the topic modeling algorithm and generate 

concept maps for each year separately. If data were too sparse to construct seventeen 

snapshots of the narrative, the researcher might choose to construct narrative snapshots 

before and after specific events within the data, such as the targeted killing of Anwar al-

Awlaki in 2011. 

Future research endeavors could apply this dissertation’s ABM to other case 

studies to determine whether it is generalizable for underlying structures present in those 

countries. Somalia, a country in which the U.S. has an active drone strike campaign, is 

one candidate to apply this computational ABM. A logical next step would then be to 

compare the drone strike and terrorist attack curves outputted by the simulation for 
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Pakistan (Chapter 5) against the comparable curves generated for Somalia. A second 

interesting comparison might be to look at the terrorist attack curve in Pakistan—a 

country experiencing and undergoing a U.S. drone strike campaign—and compare it 

against terrorist attacks observed in a country with no U.S. kinetic air strikes (e.g., the 

Philippines). If this dissertation’s ABM is not generalizable beyond Pakistan, it is 

possible that one or more of the other models presented in Appendix D might prove to be 

viable candidates. 

Next, the ABM introduced in Chapter 3 and successfully applied to a case study 

of Pakistan in Chapter 5 focused only on the temporal autocorrelations between drone 

strikes and the observed lagged effects seen with subsequent terrorist attacks. Using 

geospatial analysis to explore the spatial autocorrelation between these two events, 

however, would uncover patterns that emerged in space (i.e., Tobler’s First Law of 

Geography) by characterizing the relationships between the geographic entities of drone 

strikes and terrorist attacks based on their proximity to each other (Miller 2004; Tobler 

1970). Specifically, future research could extend my computational model to incorporate 

both the temporal and location elements into a spatial autoregressive model by leveraging 

the Pakistan drone strike and terrorist attack datasets, which I used for my dissertation 

and have made available at https://www.comses.net/codebase-release/30540ae3-486b-

44e4-8ff0-785575433af0/. Those data include the dates of the events, as well as spatial 

information (i.e., latitude and longitude), where available. 

Though not addressed in this dissertation, a researcher might look at whether 

terrorist attacks served as a leading indicator for U.S.-conducted drone strikes in 
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Pakistan. This relationship is also plausible because the U.S. might have conducted drone 

strikes either in response to an uptick in terrorism activity throughout the region, or 

targeted a specific cell or select group of individuals due to intelligence pointing to an 

imminent attack. Nonetheless, the argument made for drone strikes being either a leading 

or lagging indicator of terrorist attacks provides further evidence of the possible presence 

of simultaneity (see the discussion at the end of Chapter 4). 

Lastly, an individual could adapt the ABM presented in this dissertation by 

modifying the variable measuring the level of radicalization. Chapter 5 proxied 

radicalization with terrorist attacks. Instead of using terrorist attacks as a measure for 

Islamic radicalization, a follow-on study might try and collect data on attendance or 

enrollment at madrasas, which are Islamic educational institutions (e.g., Andrabi, Das, 

Khwaja, & Zajonc 2006). Another way to measure radicalization might be to follow the 

financing of terrorism with an intent similar to the leaked documents that detailed and 

uncovered offshore accounts (i.e., the “Panama Papers”). Following the money would 

prove to be a valuable study because planning and resourcing terrorist groups and 

organizations are leading indicators of potential, future attacks. However, this would 

likely be a difficult and expensive research effort because individuals in terrorist 

organizations do not typically use overt banking means to fund organizations and 

operations. Over the years, terrorists have gotten creative in order to circumvent U.S. and 

Western banking rules and regulations by leveraging informal remittance networks, to 

include what is known as the hawala system (e.g., Cassara 2017; Jost & Sandhu 2000; 

Kean & Hamilton 2004; Thompson 2006; United States Senate 2001). This is an informal 



148 
 

banking system designed to covertly move or transfer money throughout the globe by 

leveraging a network of hawala brokers. The system is based solely on the honor system 

that individuals who disperse funds will be paid back at a later date. Attempting to pursue 

a research undertaking such as this—if it is even possible using only open-source and 

commercially-available products—would likely require purchasing services from one or 

more companies to (a) collect overt financial transactions, which are usually privileged 

and owned by the banks, and (b) aggregate volumes of open-source information from 

unstructured social data. 

This data-driven dissertation leveraged a variety of analytical tools—including 

NLP, social network analysis, multivariate regression analysis, and an ABM—to tackle a 

multi-disciplinary research problem. Even though there is further work, this research 

effort paves the way for advances in the field of radicalization through computational 

social science. Without this body of work, the follow-on extensions and opportunities 

proposed above could not be accomplished. 
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APPENDIX A: SELECT ACADEMIC THEORIES HIGHLIGHTING THE 
RADICALIZATION PROCESS AND THE ONGOING DEBATE OF WHAT IT 

MEANS TO BE RADICALIZED 

A review of the academic literature on radicalization suggests that there does not 

appear to be a specific formula or recipe for the radicalization process, or even a single 

linear model that described the choices by individuals to carry out terrorist activities. 

What I present below are several select frameworks and processes that those in the 

academic community have offered as potential paths individuals might follow as they 

become radicalized, as well as factors or triggers which might make individuals 

susceptible to subscribing to extremist ideologies. Though many academicians presented 

different frameworks identified by different names in an attempt to explain the 

radicalization process of an individual, many of these theories exhibited overlapping 

assumptions. What was clear, however, was none of the theories agreed on the amount of 

time necessary for an individual to progress between stages along the proposed 

radicalization timelines. 

In what became known as the New York Police Department model, Silber and 

Bhatt (2007) cited four distinct phases toward radicalization: pre-radicalization, self-

identification, indoctrination, and jihadization. However, not everybody who began the 

process passed through all four of the stages. Sageman (2004) likened the terrorist 

recruitment process and acceptance of jihad ideology to applying to a highly-selective 
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college. In other words, many would like to enter, but only a few managed to succeed. 

While radicalization is seen as a sequential process, individuals might not follow a strict 

linear progression (e.g., Jensen et al. 2020). Pre-radicalization was defined as the stage in 

the “unremarkable” individual’s life (i.e., holding “ordinary” jobs and living “ordinary” 

lives) prior to being exposed to and possibly adopting the radical ideology. Self-

identification occurred when individuals were influenced by factors or triggers (e.g., 

economic, social, political, or personal) that caused them to begin to explore radical 

ideology/teachings. These curiosities pulled them away from their old identity and they 

began to associate with like-minded individuals. Indoctrination was the stage where these 

beliefs intensified and a “spiritual sanctioner,” as well as like-minded people, encouraged 

and reinforced those radical ideologies. Jihadization, the last phase, occurred when like-

minded individuals began conducting operational planning for jihad, which they accepted 

as their participatory duties. Silber and Bhatt (2007) stressed that, while the other stages 

of this four-step process toward radicalization might each take several years, jihadization 

occurred more rapidly and typically with little warning, similar to the conclusions of the 

Defense Science Board (2012). Using ten case studies, Silber and Bhatt (2007) developed 

their radicalization timeline. The authors found that pre-radicalization took as little as one 

month to approximately three years, self-radicalization took just under one year to five 

years, indoctrination took a couple of months to three years, and jihadization took 

anywhere from less than one year to three years. 

Klausen et al. (2016) disagreed with the methodological approach taken by Silber 

and Bhatt (2007) because they focused on the group, rather than the individual, and also 
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described the four stages in synonymous terms despite calling each of them “unique.” To 

assess radicalization trajectories, Klausen et al. (2016) worked backwards from a tangible 

point (i.e., the violent attack or arrest of the individual) and leveraged the open literature 

to identify behavioral cues for each of the four stages: pre-radicalization or searching 

behavior (e.g., disillusionment, personal crisis, and seeking out information), detachment 

from previous life, peer-immersion and training with like-minded individuals, and 

planning/execution of violent actions. Using sixty-eight cases—with least one indicator 

for each of the four stages in the model—Klausen et al. (2016) estimated the median time 

from initial exploration of extremist ideas to the violent act was just over four years. The 

median length of time through peer-immersion and training was much shorter, at 

approximately 2.5 years. Many of these early case studies, however, were before the 

prevalence of social media and online recruitment efforts. The emergence of those 

technologies and tactics significantly shortened the radicalization trajectory. After 

analyzing additional case studies and accounting for other biographical information, 

including age and gender, Klausen et al. (2020) concluded that radicalization trajectories 

had become shorter in recent years. The average trajectory was reduced to three years, 

with the lower quartile of subjects radicalizing in one to two years, and youths who grew 

up in Muslim households radicalizing in a matter of months. 

The State of New Jersey Office of Homeland Security and Preparedness (2017) 

reviewed publicly-available records for eighteen attacks across the U.S. carried out by 

homegrown violent extremists (HVEs). In one-third of those attacks, the HVEs 

conducted violent attacks in less than one year from the time they radicalized. Another 
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one-third of those attacks took over two years from the time the HVEs became 

radicalized. The timeline for the remaining one-third of data was between one and two 

years, or was unknown due to insufficient information. Despite the office concluding 

there was no predictable timeline from when HVEs radicalized to when they carried out 

violent attacks, the findings were comparable to the trajectories highlighted in Klausen et 

al. (2020), particularly when accounting for the age of the HVE. 

Moghaddam (2005) proposed another framework to understand the psychological 

underpinnings of terrorism. His staircase to terrorism was one where each floor was 

characterized by particular psychological processes. Those who were on the ground floor 

and felt relatively deprived or disgruntled began to climb the staircase to find ways to 

“improve their situation and achieve greater justice.” As they climbed further up the 

narrowing staircase, there were fewer choices and not as many doors open or available to 

them. Individuals ready to displace aggression and who actively sought opportunities to 

do so became engaged in a morality that tolerated terrorism. Once they became engaged 

in an “isolated, secretive organization dedicated to changing the world by any means 

available,” they had little opportunity to exit the terrorist organization alive. The “us-

versus-them” mentality was a common characteristic of those groups and the new recruits 

were treated with positive attention and given celebrity-like status. However, they were 

soon pressured to obey the terrorist organization, which often meant carrying out acts of 

violence toward the civilian population. Because members of the terrorist organization 

were brainwashed to believe anybody outside their tightly-knit group was the enemy, and 

because anybody who was not “actively resisting the government [was] a legitimate 
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target of violence,” the individual who reached the top floor of the staircase was prepared 

and motivated to commit acts of terrorism. 

Lygre, Eid, Larsson, and Ranstorp (2011) evaluated the empirical basis of 

Moghaddam’s staircase model. Conducting an extensive literature search, the authors 

concluded that while most of the steps of the staircase model were supported by empirical 

evidence, the quality and quantity of evidence varied. There also appeared to be a lack of 

evidence to support the transitions between the different steps in Moghaddam’s model. 

Lygre et al. (2011) suggested the first three steps were discontinuous, but the last three 

steps were continuous since they represented “gradually stronger moral engagements to 

the terrorist organization.” This critical review echoed the findings presented by the 

Defense Science Board (2012; 2015)—which were briefly highlighted in Chapter 2—

providing further evidence that, while commonalities existed among radical ideologies 

and trajectories, there was not just one template to achieve radicalization. 

Baran (2005) and McCauley and Moskalenko (2008) put forth two other 

radicalization frameworks. Baran (2005) argued Hizb ut-Tahrir, an international Islamist 

organization, was a “conveyor belt” for terrorists. This complementary organization was 

not concerned with direct action through the use of violence, but rather stressed the 

ideological struggle. The organization indoctrinated individuals with radical ideology and 

conditioned them for recruitment by more extreme terrorist organizations which would 

use violence to achieve political change. McCauley and Moskalenko (2008) illustrated 

radicalization as a pyramid structure. The base of the pyramid included everybody who 

sympathized with a particular cause. In the U.S., this might be anti-government sentiment 
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due to the government’s interference in the day-to-day lives of ordinary citizens. As one 

moved up the pyramid, there was a decrease in the number of people who shared similar 

viewpoints. However, this ascension was also characterized by an increase in the 

“radicalization of beliefs, feelings, and behaviors.” McCauley and Moskalenko (2008) 

presented twelve mechanisms of radicalization, which occurred at the level of the 

individual (e.g., personal victimization and political grievance), group (e.g., convergence 

toward extreme like-minded opinions and cohesion due to isolation and threat), or mass 

(e.g., hate and martyrdom). 

While these selected frameworks offered different factors and complexities 

necessary for radicalization, they shared one commonality—that is, radicalization is a 

progression that requires tipping points to prompt a phase change from one step in the 

process to the next. Given the radicalization process requires several trigger events to 

transpire, all of which build upon previous occurrences, the process might also be 

explained using the branching process developed and formalized in Cioffi-Revilla (2005). 

Cioffi-Revilla and Harrison (2011) utilized this branching process framework. 

Recognizing that people underwent “situational changes” that led to a “cognitive and 

psychological transformation,” the authors demonstrated how individual grievances 

evolved over time, and they modeled this behavior endogenously (i.e., an emergent 

phenomenon) rather than exogenously. 

Not only did the Defense Science Board (2015) identify grievances as a factor 

that might make somebody susceptible to radicalization, but the academic literature, 

including Kruglanski et al. (2013) and Kruglanski et al. (2014), also argued personal 
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grievances were essential for the pathway to achieve individual radicalization. Strong 

dissatisfaction toward the current institutions (i.e., the motivations) often fueled those 

grievances discussed in the academic literature. If the messages resonated with the 

motivated recruits, then those individuals began the progression through several stages—

where the number of individuals at each subsequent stage gradually decreased (e.g., 

Moghaddam (2005) proposed this approach in his narrowing staircase framework)—as 

they sought ideological justification of violence and began to see the world in black and 

white. Following indoctrination, which provided those who were motivated and angry 

with a simplistic way of viewing the world, the key and integral component to 

radicalization was the group membership and network connections necessary to 

coordinate and execute acts of terrorism. Webber and Kruglanski (2016; 2018) referred to 

this generalized radicalization construct as the “3N” approach, or the need to feel 

significant, the ideological narrative justifying political violence, and group pressures 

exhibited in the social network. 

Kruglanski et al. (2013) further claimed people looked for opportunities to 

promote their personal significance, or what some referred to as the desire for self-

glorification. If their lives were not going well, they were more inclined to accept and 

adhere to an ideology that once again promised significance. Kruglanski et al. (2014) 

proposed a model of individual radicalization that required three components: 

motivational (i.e., regaining personal significance), ideology (i.e., the means to gain that 

personal significance), and social process (i.e., the method by which the individual 

receives the ideology). Figure A-1 illustrates this pathway to radicalization and the 



156 
 

factors (e.g., feelings of loss or failure, political or economic instability, or humiliation) 

which might influence an individual to head down this particular path. The degree of 

radicalization increases for those who further disconnect from their alternative 

goals/values (e.g., concern for the rights of individuals), thereby moving toward 

“violence as means.” 

 

 
Figure A-1. Model of radicalization with motivational (center), ideology (right), and social components (bottom). 
Source: Kruglanski et al. (2014). 

 

Numerous factors might motivate individuals to regain their “significance loss,” 

including a sense of deficiency relative to those in their community who were perceived 
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to have more opportunities and resources (e.g., Bravo & Dias 2006). This perceived 

discrepancy will likely result in social discontent and resentment, which might lead to 

self-radicalization. Many were motivated to join a terrorist organization or a cause to 

restore that significance in their lives. Religious extremist organizations, such as the 

Islamic State, have experienced success because they provide new recruits with a sense of 

belonging and purpose, as well as promises of rewards for them, their family, and 

community in the afterlife (Haddad 2017). 

Others did not believe deprivation was correlated to radicalization, and ultimately, 

terrorism. Krueger and Maleckova (2002) did not find consistent evidence to suggest 

militant or terrorist groups recruited those who were impoverished or did not have an 

education. Rather, they recruited those who were educated and financially well-off 

because those individuals were more capable of carrying out acts of terrorism and fitting 

into foreign environments. Upon reviewing many terrorist profiles, Hudson (1999) 

observed that “terrorists in general [had] more than average education” and very few 

were “uneducated or illiterate.” Formulating a terrorist profile may not be feasible 

because a typical one might not exist (e.g., Horgan 2008; Hudson 1999). Haggerty and 

Bucerius (2018) offered a different approach in defining radicalization. Similar to other 

academics in the field, particularly McCauley and Moskalenko (2008), these authors 

subscribed to the idea that radicalization was a progression through a series of steps 

including individual, group, and mass-public mechanisms. By conducting a literature 

search of peer-reviewed articles published over the last thirty years, Haggerty and 

Bucerius (2018) identified six themes in the open-source literature related to the process 
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of becoming a terrorist, which they equated to becoming warlike (e.g., a soldier in the 

armed forces). Those themes were a sense of vicarious injustice/victimization; sense of 

belonging and identity; meaning, excitement, and glory; active recruitment; 

indoctrination; and group solidarity. 

Sense of belonging and identity, which Haggerty and Bucerius (2018) identified 

as one of the themes necessary to become a terrorist, might be a principal reason why 

people choose to radicalize. Many in the academic field have argued group-level 

dynamics and psychological processes were integral to understanding radicalization and 

the emergence of several terrorist organizations (e.g., Doosje et al. 2016; Gotzsche-

Astrup 2018; Hogg & Adelman 2013; Hogg, Meehan, & Farquharson 2010; Kfir 2014; 

Klandermans 2014; Knapton 2014; Mullins 2009; Post 2010; Swann Jr., Gomez, Seyle, 

Morales, & Huici 2009; Webber & Kruglanski 2016; 2018). These beliefs stemmed from 

social identity theory (Tajfel 1979; Tajfel & Turner 1979) where people’s self-identities 

were derived from perceived membership in a relevant social group, all of which defined 

their places in society. 

People needed to look beyond the individual and toward “group, organizational, 

and social psychology, with particular emphasis on collective identity” (Post 2010) to 

understand the causes of terrorism. Group membership gave people a sense of social 

identity or a sense of belonging. Oftentimes, the journey toward finding and identifying 

with the “in group” was a result of an “us-versus-them” dichotomy. The “in group” was 

the group to which the individual belonged. It was typically more influential than the “out 

group” (Barnum & Markovsky 2007) and perceived to be superior (Doosje et al. 2016). 
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Those individuals who chose to enter onto a path toward radicalization had typically been 

instilled with a narrative of victimization or grievance from a young age. Over time, they 

strove to increase their self-image by holding prejudice views toward members of the 

“out group”—i.e., the assumed source of the grievance/problem—and might even have 

resorted to violent acts to permanently remove the problem. Belonging to a radicalized or 

extremist group might also make those individuals less susceptible to attempts of 

deradicalization (i.e., rejection of ideology once embraced) due to a “shield of resilience” 

(Doosje et al. 2016), or what Swann Jr. et al. (2009) referred to as a fusion between the 

group and the individual. As the group’s ideology became increasingly radicalized, it 

relied on its members to subscribe to a collectivist mindset for survival (Matherly 2018). 

This cohesive bond shared by all members of the group increased the extent to which 

individuals were willing to fight and die for the greater good of their organization. 

Many of these radicalization frameworks and the underlying social identity theory 

have been difficult to validate due to a lack of empirical evidence (e.g., Jensen et al. 

2020; Mastors & Siers 2014). However, there are several in-depth case studies that have 

focused on the radicalization process of terrorists (e.g., Gartenstein-Ross & Grossman 

2009; Klausen et al. 2016; Klausen et al. 2020; Mastors & Siers 2014; Silber & Bhatt 

2007; State of New Jersey Office of Homeland Security and Preparedness 2017). 

Sageman (2008) cautioned that making claims based on a small subset of case studies 

introduced biases, and those biases must be taken into account when drawing conclusions 

from the collected data. He argued that ideally, the “scientific approach should 

encompass all the available data, and not a biased selective sample.” While incident-
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based datasets (e.g., the National Consortium for the Study of Terrorism and Responses 

to Terrorism [START] database at the University of Maryland and the now-discontinued 

Worldwide Incident Tracking System maintained by the U.S. National Counterterrorism 

Center) are useful for studying terrorist trends, Sageman (2008) believed a database must 

also include “people and their relationships with other terrorists, non-terrorists, ideas, 

social, political, economic, cultural and technological context…and trace the evolution of 

these relationships to see how they form, intensify, and fade.” Over time, Sageman 

(2008) compiled a dataset with more than 500 individuals. The Western Jihadism Project 

(e.g., Klausen et al. 2016; Klausen et al. 2020), a relational dataset containing more than 

6,200 individuals and 27,000 links between persons and organizations is another example 

of a comprehensive dataset.17 

As Klausen et al. (2020) observed, individuals radicalized post-2010 committed to 

extremism and violent acts to justify those beliefs much more quickly than those 

radicalized prior to 2010. Around this time, terrorist organizations, especially the Islamic 

State, capitalized on new online communication tools to attract new recruits and members 

(e.g., Aly et al. 2017; Archetti 2015; Awan 2007; Blaker 2015; Gates & Podder 2015; 

Thompson 2011; United States House of Representatives 2015). Online recruitment 

efforts did not just target men, but women, as well (e.g., Windsor 2018). These extremist 

organizations used a variety of tools ranging from social networking resources, forums, 

and blogs, to password-protected jihadist websites and professionally-produced online 

                                                 
17 Through an exchange of e-mails with the project staff, I learned that the team does not grant individual 
access to this database, but does offer institutional access for research teams, as well as access to PhD 
students with the permission of the student’s institution. At the time of my inquiry, the cost for institutional 
access to the data was $10,000 and I did not further pursue this option. 
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propaganda magazines (e.g., Dabiq, Rumiyah, and Inspire). Online tools were valuable to 

these terrorist organizations. They promoted fast and widespread dissemination of 

information that fostered and stimulated grievances through the use of highly-emotional 

and provocative images and narratives, including the rebroadcast of traditional Western 

news outlets’ portrayal of Islam in a negative light (e.g., Neumann, Arendt, & Baugut 

2018). 

The important thing to note here was that the information and messages 

disseminated through these electronic means did not necessarily need to be factual. 

Instead, they simply needed to “frame the world and thus persuade a mass audience to 

adopt a cause,” helping sympathizers and potential supporters align their opinions with 

their values, regardless of how far from the truth or ideal. Though this example adapted 

the marketplace of values and threat inflation to terrorist recruitment efforts, 

dissemination of propaganda, and effective messaging, it captured similar ideas and 

themes discussed throughout Thrall (2007). 

Terrorist network systems and radicalization pathways are systems not easily 

predicted using a structured methodology. They are complex adaptive systems whereby 

individuals might assume a variety of roles and continually move along the spectrum of 

degree of self-radicalization (e.g., Figure A-1). There does not appear to be a way to 

pinpoint the exact moment when an individual consciously made a decision to radicalize 

and become a terrorist willing to carry out a violent act. Regardless of whether some 

move along the radicalization trajectory more quickly than others (e.g., Klausen et al. 

2020), the same general construct applies (e.g., Gotzsche-Astrup 2018; Webber & 
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Kruglanski 2016). As demonstrated throughout this discussion, the academic literature—

whether from the political science, sociology, or even psychology disciplines—concurred 

that the path toward radicalization begins with a motivating factor (e.g., unfair 

humiliation) whereby the individual is open to alternative views. Examples include living 

under an oppressive regime, discrimination, ostracism, personal crisis, personal failure, 

perceived injustice, quest for personal significance, traumatization, or the loss of a loved 

one (e.g., Jasko, LaFree, & Kruglanski 2017; Knapton 2014; McCauley & Moskalenko 

2008; Speckhard & Akhmedova 2005; Victoroff, Adelman, & Matthews 2012). Citing a 

lack of available evidence in the open literature, however, both Post (1998) and Sageman 

(2004) were cautious to connect childhood victimization with anger that led to eventual 

terrorism. Even Jensen et al. (2020) acknowledged the limited evidence available to 

empirically test radicalization theories, but noted the recently-closing data gap as the 

research area has continued to develop. 
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APPENDIX B: AIR STRIKE CAMPAIGNS 

Graphical depictions over time of air strike campaigns (i.e., both manned and 

unmanned) against targets in Iraq and Syria (Figures B-1 to B-5), Afghanistan (Figures 

B-6 to B-9), and Pakistan (Figures B-10 to B-13). 

 

 
Figure B-1. U.S.-led coalition air strikes on the Islamic State in Iraq and Syria, 2014. Source: Airwars (2018). 
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Figure B-2. U.S.-led coalition air strikes on the Islamic State in Iraq and Syria, 2015. Source: Airwars (2018). 
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Figure B-3. U.S.-led coalition air strikes on the Islamic State in Iraq and Syria, 2016. Source: Airwars (2018). 
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Figure B-4. U.S.-led coalition air strikes on the Islamic State in Iraq and Syria, 2017. Source: Airwars (2018). 
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Figure B-5. U.S.-led coalition air strikes on the Islamic State in Iraq and Syria, 2018. Source: Airwars (2018). 
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Figure B-6. U.S. air strikes in Afghanistan, 2015. Source: BIJ (2020). 
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Figure B-7. U.S. air strikes in Afghanistan, 2016. Note: Excludes approximately 800 strikes in which the location 
is unknown or is not verified. Source: BIJ (2020). 
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Figure B-8. U.S. air strikes in Afghanistan, 2017. Note: Excludes approximately 2,300 strikes in which the 
location is unknown or is not verified. Source: BIJ (2020). 
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Figure B-9. U.S. air strikes in Afghanistan, 2018. Note: Excludes approximately 540 strikes in which the location 
is unknown or is not verified. Source: BIJ (2020). 
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Figure B-10. U.S. drone strikes in Pakistan, 2014. Source: BIJ (2020). 
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Figure B-11. U.S. drone strikes in Pakistan, 2015. Source: BIJ (2020). 
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Figure B-12. U.S. drone strikes in Pakistan, 2016. Source: BIJ (2020). 

 

 



175 
 

 
Figure B-13. U.S. drone strikes in Pakistan, 2017. Source: BIJ (2020). 
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APPENDIX C: ESTIMATED SUBJECTIVITY OF NEWS ARTICLES 

Figure C-1 plots the subjectivity of each news article in the data corpus with 

yearly average subjectivity estimates shown as solid red lines. Points on the graph either 

above or below the dashed red lines represent articles whose subjectivity scores reside 

outside of the 95 percent confidence intervals. 

 

 
Figure C-1. Subjectivity for articles by year. (Note: Solid red line is average polarity and dashed red lines are 
95% confidence intervals.) 
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Based on the results graphically depicted in Figure C-1, the average subjectivity 

estimated for the published news articles remained consistent (0.34) throughout the 

seventeen-year data corpus. Even the distribution for those subjectivity estimates 

remained fairly constant across each of the years. To investigate whether there were 

noticeable differences (e.g., biases and/or political leanings) inherent to the reporting of 

air strike events across various news agencies, I visually compared two different 

publication sources: The Washington Post and The Associated Press (Figure C-2). 

 

 
Figure C-2. Subjectivity for articles by publication source and year. (Note: Solid red line is average polarity and 
dashed red lines are 95% confidence intervals.) 
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Despite several media bias websites citing The Washington Post as having a “left-

center bias” with “high factual” reporting, and The Associated Press as “least biased” 

with “very high factual” reporting, I was surprised by the results. The model’s output 

yielded similar estimated average subjectivity scores and distributions for these two 

sources. Perhaps the differences in reporting styles (e.g., use of “loaded” words, or words 

that attempt to invoke an emotional response) for The Washington Post and The 

Associated Press fall within the noise (i.e., too similar to discern statistical differences) of 

the model. Though not a primary focus of this effort, I recognize more work is needed in 

this area to understand the model’s scoring criteria and methodology. An interesting 

extension to the sentiment analysis conducted under this research might be to explore 

whether the TextBlob model is able to differentiate subjectivity of the writing among 

various publication sources that span the entire spectrum of bias and factual reporting. 
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APPENDIX D: MODEL SELECTION FOR THE PAKISTAN CASE STUDY 

Plots of the levels of the drone strike and terrorist attack series (Figure 27) 

followed a similar curve/shape, but were offset by a varying number of months. This 

observed property suggested that the responses to the drone strikes (i.e., terrorist attacks) 

in Pakistan did not occur instantly, but rather, were spread out, or distributed, over time 

periods in the future. Drone strikes at time t shocked the system at time t, but also 

generated lasting effects on the system which carried through to times t + 1, t + 2, etc. In 

other words, drone strikes xt possibly influenced the number of terrorist attacks in the 

current period yt but also in future periods yt+1, yt+2, … , yt+n, where n is an unknown 

number of periods into the future. Equation D-1 depicts this in functional notation. 

 

Equation D-1. Functional notation for distributed lag. 
𝑦𝑦𝑡𝑡 = 𝑓𝑓(𝑥𝑥𝑡𝑡, 𝑥𝑥𝑡𝑡−1, 𝑥𝑥𝑡𝑡−2, … , 𝑥𝑥𝑡𝑡−𝑖𝑖) 

 

 To investigate the effect of drone strikes on the system, I determined the length 

of the distributed lag. Infinite distributed lag models assume the effects on the system 

from xt last forever, whereas finite distributed lag models assume those same effects only 

are measurable in the system for a fixed period of time. Given the shape of the two series 

in Figure 27 (i.e., once the rate of drone strikes decreased, the rate of terrorist attacks in 
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December 2018 began to approach pre-drone strike levels), I selected a finite distributed 

lag for the functional form of the econometric model. 

So as not to impose too many modeling assumptions and restrictions on the 

system, I chose a linear functional form. Since the peak of the rate of drone strikes 

occurred in September 2010 and the first peak of the rate of terrorist attacks occurred in 

April 2013, or thirty-one months later, as shown in Figure 27, I lagged the drone strike 

series by that same amount of time so that the local maxima from the two series were on 

top of one another (Figure D-1). 

 

 
Figure D-1. Drone strikes (lagged 31 months) and terrorist attacks in Pakistan, 2004-2018. 
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Once lagged, the strong positive correlation between the two series (0.9218) 

confirmed my working hypothesis. The increasing level of anger and potential 

radicalization stemming from the use of drone strikes carried out by the U.S. did not 

occur instantly. Rather, the terrorist attack “cycle” took time. Regardless of the level of 

complexity of those attacks, to carry them out, those terrorist organizations needed to put 

into place several long lead items, including recruitment efforts, training and mobilization 

of people who were motivated to give their lives, finding/identifying a substantive target 

to attack, financing the operation, planning, and eventually executing. This relationship 

between terrorist strikes and lags of drone strikes were also consistent with the literature 

review (Chapter 2), as well as analyses of the evidence collected in Chapter 4. 

Leveraging Equation D-1, I assumed a linear functional form to explain the 

relationship between the drone strike and terrorist attack series. The first approximation 

of the finite lag model with an intercept took the form defined in Equation D-2. 

 

Equation D-2. First approximation of the finite linear lag model for Pakistan drone strikes and terrorist attacks, 
2004-2018. 
𝑦𝑦𝑡𝑡 = 𝛼𝛼 + 𝛽𝛽0𝑥𝑥𝑡𝑡−31 + 𝑒𝑒𝑡𝑡 

 

For Equation D-2, yt is the rate of terrorist attacks in Pakistan at time t, xt-31 is the rate of 

drone strikes in Pakistan lagged thirty-one months, and the coefficient estimate β0 is the 

lag weight which measures the effect that changes to the rate of drone strikes in Pakistan 

(i.e., thirty-one months ago) have on the rate of terrorist attacks carried out in Pakistan 
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during the current time period t. Figure D-2 provides the least squares parameter 

estimates for the finite lag model defined in Equation D-2. 

 

 
Figure D-2. Least squares estimate for the finite lag model (Equation D-2). 

 

The R-squared and adjusted R-squared (for the number of predictors in the model) 

show that the statistical model “fits” the data fairly well (0.8487). The coefficient 

estimate for drone_smooth_lag31 is statistically significant at the α = 0.05 level. 

However, there appeared to be a model specification error because there was no variable 

to capture the level of anger (i.e., either increasing or decreasing) that I hypothesized 

existed among the targeted population living in Pakistan in the absence of any drone 

strikes. To address this misspecification issue, I modified Equation D-2 to include (1) a 

one-period (month) lag of the dependent variable and also (2) captured the effects that 

current-period drone strikes had on terrorist attacks (Equation D-3). 

Dependent Variable: TERRORIST_SMOOTH
Method: Least Squares
Date: 03/21/21   Time: 13:55
Sample: 2007M01 2018M12
Included observations: 144
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 10.5646, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C 27.29180 5.742291 4.752772 0.0000
DRONE_SMOOTH(-31) 17.50739 1.787684 9.793337 0.0000

R-squared 0.849769     Mean dependent var 86.73214
Adjusted R-squared 0.848711     S.D. dependent var 51.67694
S.E. of regression 20.10021     Akaike info criterion 8.853129
Sum squared resid 57370.63     Schwarz criterion 8.894377
Log likelihood -635.4253     Hannan-Quinn criter. 8.869890
F-statistic 803.2099     Durbin-Watson stat 0.042099
Prob(F-statistic) 0.000000     Wald F-statistic 95.90945
Prob(Wald F-statistic) 0.000000
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Equation D-3. Second approximation of the finite linear lag model for Pakistan drone strikes and terrorist 
attacks, 2004-2018. 
𝑦𝑦𝑡𝑡 = 𝛼𝛼 + 𝛽𝛽0𝑥𝑥𝑡𝑡 + 𝛽𝛽1𝑥𝑥𝑡𝑡−31 + 𝛽𝛽2𝑦𝑦𝑡𝑡−1 + 𝑒𝑒𝑡𝑡 

 

Since the model contains a lagged dependent variable, the Durbin-Watson test for 

first-order serial correlation is not valid. Therefore, I employed the Breusch-Godfrey LM 

test, which confirmed the presence of autocorrelation. To correct for this, I applied the 

Newey-West standard errors, which are reflected in Figure D-3. 

 

 
Figure D-3. Least squares estimate for the finite lag model (Equation D-3). 

 

The model depicted in Figure D-3 increased explanatory power (0.9970), as 

compared to the one shown in Figure D-2. All of the estimates in the model are consistent 

Dependent Variable: TERRORIST_SMOOTH
Method: Least Squares
Date: 03/21/21   Time: 14:01
Sample: 2007M01 2018M12
Included observations: 144
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 9.2657, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C 0.344472 0.883220 0.390018 0.6971
DRONE_SMOOTH 0.430692 0.115852 3.717613 0.0003

DRONE_SMOOTH(-31) 1.582621 0.509570 3.105796 0.0023
TERRORIST_SMOOTH(-1) 0.918805 0.023781 38.63604 0.0000

R-squared 0.997022     Mean dependent var 86.73214
Adjusted R-squared 0.996959     S.D. dependent var 51.67694
S.E. of regression 2.849934     Akaike info criterion 4.959854
Sum squared resid 1137.098     Schwarz criterion 5.042348
Log likelihood -353.1095     Hannan-Quinn criter. 4.993375
F-statistic 15625.85     Durbin-Watson stat 0.267346
Prob(F-statistic) 0.000000     Wald F-statistic 3589.241
Prob(Wald F-statistic) 0.000000
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and the coefficients are statistically significant at the α = 0.05 level. To interpret the 

coefficient estimates, holding everything else constant, conducting one additional drone 

strike per month in Pakistan in the current period led to 0.43 more terrorist attacks per 

month in Pakistan in the current period t. In the absence of any drone strike conducted in 

Pakistan, the per-month rate of terrorist attacks in Pakistan in the current period t was 

approximately 92 percent of the per-month rate of terrorist attacks carried out in the 

previous month (i.e., the decay rate). By including the lagged dependent variable in the 

model, statistically I am able to capture not only the per-month rate of terrorist attacks in 

the previous period t-1, but also the drone strikes for all previous lags because the 

accumulation of those effects is aggregated and absorbed into the interpretation of the 

magnitude of the coefficient estimate for that particular variable. 

As shown with Figure D-1 and confirmed with the coefficient estimate for the 

variable drone smooth lag31 reported in Figure D-3, I observed a phenomenon (i.e., 

“momentum”) common to many terrorist organizations (e.g., Islamic State). Similar to 

net capital formation models, terrorists develop infrastructure, which, in turn, leads to 

increased capacity, as well as the ability for individuals within the organization to plan 

for, build up, and sustain an increased operational tempo of attacks over an extended 

period of time. However, once the exogenous shock or stimulus to the system decreases, 

people abandon the built-up infrastructure (e.g., safe houses) and the terrorist 

organization begins to lose the capacity to sustain and continue conducting attacks with 

the same rate or frequency as it achieved beforehand. This loss of momentum due to a 
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decreased capital base, which funded those activities, eventually leads to a decline in the 

number of terrorist attacks. 

The high R-squared value, as well as the statistically significant coefficient 

estimates at the α = 0.05 level for the variables in the model (Figure D-3), suggested that 

this regression model was correct in the aggregate. However, the details of the model 

were imperfect due to model misspecification. For example, though the “center mass” or 

peaks of the drone strike and terrorist attack curves appeared to line up using a 31-month 

lag (Figure D-1), there was a noticeable increase in the number of terrorist attacks carried 

out in Pakistan around 2009, which occurred in close temporal proximity to the initial 

uptick in the U.S. drone strike campaign carried out against that country. This prompted 

additional exploration into the lag structure that might better characterize the relationship 

between the drone strikes and subsequent terrorist attacks in Pakistan. 

Including a distributed lag model for all thirty-one lags, as shown in Figure D-4, 

confirmed that the appropriate lag structure might be around thirty-one months, but could 

also be a few months prior because the coefficient estimates for the 28- and 29-month 

lags were statistically significant at the α = 0.05 level. Two other regressions included 

were one with short- and long-month lags (Figure D-5) and another with only long-month 

lags (Figure D-6). The output from these suggested that the appropriate lag structure 

might be somewhere around thirty-one months, but not necessarily one number 

specifically. Even a model, such as Figure D-7, which included one-month lags for both 

drone strikes and terrorist attacks captured the macro-level behaviors of the system. 
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Figure D-4. Least squares estimate for a 31-month distributed lag model. 

 

Dependent Variable: TERRORIST_SMOOTH
Method: Least Squares
Date: 03/21/21   Time: 14:30
Sample: 2007M01 2018M12
Included observations: 144
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 9.3948, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C 0.368559 0.909246 0.405345 0.6860
DRONE_SMOOTH 0.196056 1.766973 0.110956 0.9119

DRONE_SMOOTH(-1) -0.806919 1.735165 -0.465039 0.6428
DRONE_SMOOTH(-2) 2.201318 1.023168 2.151474 0.0336
DRONE_SMOOTH(-3) 1.654525 1.019867 1.622294 0.1076
DRONE_SMOOTH(-4) -2.010475 1.544479 -1.301717 0.1957
DRONE_SMOOTH(-5) -1.451139 1.062976 -1.365166 0.1750
DRONE_SMOOTH(-6) -0.637848 0.971028 -0.656879 0.5126
DRONE_SMOOTH(-7) 1.962996 0.999321 1.964331 0.0520
DRONE_SMOOTH(-8) -1.576432 1.243253 -1.267989 0.2075
DRONE_SMOOTH(-9) 1.330683 1.874549 0.709869 0.4793
DRONE_SMOOTH(-10) -0.989795 1.828973 -0.541176 0.5895
DRONE_SMOOTH(-11) -1.714956 1.011568 -1.695344 0.0928
DRONE_SMOOTH(-12) -0.135991 1.103944 -0.123187 0.9022
DRONE_SMOOTH(-13) 0.792707 0.931115 0.851352 0.3964
DRONE_SMOOTH(-14) 1.417595 0.901228 1.572959 0.1186
DRONE_SMOOTH(-15) 1.588512 1.260192 1.260532 0.2101
DRONE_SMOOTH(-16) -1.341678 1.133628 -1.183526 0.2392
DRONE_SMOOTH(-17) 0.209336 1.488297 0.140655 0.8884
DRONE_SMOOTH(-18) -0.459788 1.266014 -0.363178 0.7172
DRONE_SMOOTH(-19) -0.128721 1.061277 -0.121288 0.9037
DRONE_SMOOTH(-20) 0.254604 1.408178 0.180804 0.8569
DRONE_SMOOTH(-21) 1.240491 1.349848 0.918985 0.3601
DRONE_SMOOTH(-22) -1.432298 1.106475 -1.294469 0.1982
DRONE_SMOOTH(-23) -1.169883 0.833365 -1.403807 0.1632
DRONE_SMOOTH(-24) 1.730946 1.147038 1.509056 0.1342
DRONE_SMOOTH(-25) 0.600559 1.059391 0.566891 0.5719
DRONE_SMOOTH(-26) -2.373276 1.289399 -1.840607 0.0684
DRONE_SMOOTH(-27) 1.358880 1.155516 1.175994 0.2421
DRONE_SMOOTH(-28) 5.007412 1.211147 4.134438 0.0001
DRONE_SMOOTH(-29) -4.050178 1.284286 -3.153642 0.0021
DRONE_SMOOTH(-30) -0.270192 1.440300 -0.187594 0.8515
DRONE_SMOOTH(-31) 0.895531 1.291503 0.693402 0.4895

TERRORIST_SMOOTH(-1) 0.923180 0.020370 45.32057 0.0000

R-squared 0.998759     Mean dependent var 86.73214
Adjusted R-squared 0.998386     S.D. dependent var 51.67694
S.E. of regression 2.076007     Akaike info criterion 4.501659
Sum squared resid 474.0785     Schwarz criterion 5.202865
Log likelihood -290.1194     Hannan-Quinn criter. 4.786589
F-statistic 2681.752     Durbin-Watson stat 0.302565
Prob(F-statistic) 0.000000     Wald F-statistic 5983.940
Prob(Wald F-statistic) 0.000000
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Figure D-5. Least squares estimate for short- and long-month lags. 

 

Dependent Variable: TERRORIST_SMOOTH
Method: Least Squares
Date: 03/21/21   Time: 14:40
Sample: 2007M01 2018M12
Included observations: 144
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 9.3648, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C 0.408582 0.866613 0.471469 0.6381
DRONE_SMOOTH 0.561833 1.726086 0.325495 0.7453

DRONE_SMOOTH(-1) -0.735384 1.780975 -0.412911 0.6803
DRONE_SMOOTH(-2) 3.344063 1.435550 2.329464 0.0213
DRONE_SMOOTH(-3) -3.032098 1.106272 -2.740826 0.0070
DRONE_SMOOTH(-29) 6.429423 1.438123 4.470705 0.0000
DRONE_SMOOTH(-30) -5.929834 2.490128 -2.381337 0.0186
DRONE_SMOOTH(-31) 1.100002 1.410117 0.780079 0.4367

TERRORIST_SMOOTH(-1) 0.928790 0.021662 42.87643 0.0000

R-squared 0.997982     Mean dependent var 86.73214
Adjusted R-squared 0.997862     S.D. dependent var 51.67694
S.E. of regression 2.389463     Akaike info criterion 4.640476
Sum squared resid 770.7872     Schwarz criterion 4.826089
Log likelihood -325.1143     Hannan-Quinn criter. 4.715899
F-statistic 8343.752     Durbin-Watson stat 0.545661
Prob(F-statistic) 0.000000     Wald F-statistic 2898.967
Prob(Wald F-statistic) 0.000000
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Figure D-6. Least squares estimate for long-month lags. 

 

 
Figure D-7. Least squares estimate of one-month lags for drone strikes and terrorist attacks. 

 

Dependent Variable: TERRORIST_SMOOTH
Method: Least Squares
Date: 03/21/21   Time: 14:58
Sample (adjusted): 2007M02 2018M12
Included observations: 143 after adjustments
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 9.4921, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C 0.444934 0.922512 0.482308 0.6304
DRONE_SMOOTH 0.229632 0.081634 2.812927 0.0056

DRONE_SMOOTH(-29) 6.568379 1.408947 4.661908 0.0000
DRONE_SMOOTH(-30) -4.116890 1.770924 -2.324714 0.0216
DRONE_SMOOTH(-31) -4.309220 1.593105 -2.704920 0.0077
DRONE_SMOOTH(-32) 3.403685 1.459436 2.332192 0.0212

TERRORIST_SMOOTH(-1) 0.926883 0.023247 39.87089 0.0000

R-squared 0.997844     Mean dependent var 87.25999
Adjusted R-squared 0.997749     S.D. dependent var 51.46753
S.E. of regression 2.441664     Akaike info criterion 4.670949
Sum squared resid 810.7943     Schwarz criterion 4.815983
Log likelihood -326.9728     Hannan-Quinn criter. 4.729884
F-statistic 10492.88     Durbin-Watson stat 0.506842
Prob(F-statistic) 0.000000     Wald F-statistic 4144.635
Prob(Wald F-statistic) 0.000000

Dependent Variable: TERRORIST_SMOOTH
Method: Least Squares
Date: 03/21/21   Time: 15:02
Sample: 2007M01 2018M12
Included observations: 144
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 10.5107, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C -0.792932 1.139034 -0.696144 0.4875
DRONE_SMOOTH(-1) 0.436500 0.127284 3.429333 0.0008

TERRORIST_SMOOTH(-1) 0.993771 0.015308 64.91881 0.0000

R-squared 0.995851     Mean dependent var 86.73214
Adjusted R-squared 0.995793     S.D. dependent var 51.67694
S.E. of regression 3.351983     Akaike info criterion 5.277594
Sum squared resid 1584.246     Schwarz criterion 5.339466
Log likelihood -376.9868     Hannan-Quinn criter. 5.302735
F-statistic 16923.51     Durbin-Watson stat 0.183055
Prob(F-statistic) 0.000000     Wald F-statistic 2115.099
Prob(Wald F-statistic) 0.000000
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The alternative and statistically viable models presented in this appendix confirm 

the overall point that the regression model selected for and implemented as an ABM in 

the Pakistan case study (Figure D-3) was correct in the aggregate, but the details of the 

model were imperfect due to model misspecification. Rather than explore various 

regression models to correct for model misspecification, I ran a regression using the 

outputted data generated from the computational simulation (Figure D-8) and compared 

those coefficient estimates against the comparable regression model using the real-world 

data (Figure D-9).18 Had the coefficient estimates been comparable, I would argue that 

the overall structure of the model (i.e., model misspecification) was less important. 

Unfortunately, the coefficient estimates were not close enough to justify that claim. 

Continually tweaking the parameters of the ABM until the coefficient estimates from the 

regression of the simulation output matched that of the real world would provide insights 

into the underlying structure of the real-world system.  

 

                                                 
18 The sample size for the regression in Figure D-3 began in January 2007. Due to the “burn in” period 
implemented in the ABM for the Pakistan case study, I re-ran the regression with a sample size beginning 
in July 2007. 
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Figure D-8. Least squares estimate using the outputted data generated from the ABM. 

 

 
Figure D-9. Least squares estimate of Figure D-3, corrected for sample size. 

 

Dependent Variable: TERRORIST_SMOOTH_SIMULATION
Method: Least Squares
Date: 03/21/21   Time: 16:16
Sample (adjusted): 2007M07 2018M12
Included observations: 138 after adjustments
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 9.4724, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C -2.115587 0.361085 -5.858979 0.0000
DRONE_SMOOTH_SIMULATION 0.606894 0.083900 7.233501 0.0000

DRONE_SMOOTH_SIMULATION(-31) 0.986203 0.282788 3.487434 0.0007
TERRORIST_SMOOTH_SIMULATION(-1) 0.963028 0.008593 112.0662 0.0000

R-squared 0.998672     Mean dependent var 90.04087
Adjusted R-squared 0.998643     S.D. dependent var 57.64261
S.E. of regression 2.123709     Akaike info criterion 4.372762
Sum squared resid 604.3585     Schwarz criterion 4.457610
Log likelihood -297.7206     Hannan-Quinn criter. 4.407242
F-statistic 33598.48     Durbin-Watson stat 1.727432
Prob(F-statistic) 0.000000     Wald F-statistic 24092.02
Prob(Wald F-statistic) 0.000000

Dependent Variable: TERRORIST_SMOOTH
Method: Least Squares
Date: 03/21/21   Time: 16:17
Sample: 2007M07 2018M12
Included observations: 138
HAC standard errors & covariance (Bartlett kernel, Newey-West
        automatic bandwidth = 9.1540, NW automatic lag length = 4)

Variable Coefficient Std. Error t-Statistic Prob.  

C 0.231284 1.035492 0.223357 0.8236
DRONE_SMOOTH 0.437509 0.116767 3.746851 0.0003

DRONE_SMOOTH(-31) 1.567852 0.519395 3.018611 0.0030
TERRORIST_SMOOTH(-1) 0.920149 0.025059 36.71928 0.0000

R-squared 0.996756     Mean dependent var 89.85764
Adjusted R-squared 0.996683     S.D. dependent var 50.50698
S.E. of regression 2.908694     Akaike info criterion 5.001843
Sum squared resid 1133.707     Schwarz criterion 5.086691
Log likelihood -341.1271     Hannan-Quinn criter. 5.036323
F-statistic 13724.45     Durbin-Watson stat 0.266514
Prob(F-statistic) 0.000000     Wald F-statistic 3105.165
Prob(Wald F-statistic) 0.000000
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As demonstrated, Figure D-3 is just one of many model choices which captured 

the macro-level behaviors of the system. Any of the additional proposed models (e.g., 

Figures D-4 to D-7) also appear to be appropriate choices, but would require further 

investigation prior to implementation as an ABM to model the Pakistan system. While 

certainly not the last word on radicalization and computational models of drone strikes, 

this exploratory analysis and comprehensive body of research continues to move the field 

in the right direction by employing a data-driven, computational model to explore 

radicalization as a complex adaptive system. 
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APPENDIX E: DETERMINING THE POPULATION PARAMETER FOR THE 
COMPUTATIONAL MODEL APPLIED TO THE PAKISTAN CASE STUDY 

Once the curves generated from the simulation appeared to approximate the 

general shape and characteristics of the terrorist attack series for Pakistan, I needed to 

scale and further tune the model by adjusting the population parameter to qualitatively 

match the empirical, macro-level behaviors. Each panel depicted in Figure E-1 shows the 

average rate of terrorist attacks (solid blue line) outputted from one thousand simulation 

runs of the computational ABM. The simulation generated the terrorist attack series using 

the baseline parameter settings identified in Table 17 (assuming a 31-month lag), but 

varied the population of agents. The actual terrorist attack series (dashed gray line) from 

Figure 27 is overlaid on top of each of the simulated outputs for a visual comparison. 

In the top-left of each graph panel, this research reports one commonly-used 

“curve fit” statistic: the root mean squared error (RMSE). It is used to measure the 

differences between each of the values generated by the simulation 𝑦𝑦�𝑖𝑖 against the actual 

values observed 𝑦𝑦𝑖𝑖, where i = [1, N], and is calculated according to Equation E-1. 

Smaller RMSE values mean the simulation “better fit” the actual data. 

 

Equation E-1. Root mean squared error (RMSE) formula. 

�∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑁𝑁
𝑖𝑖=1

𝑁𝑁
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Figure E-1. Identifying the population parameter estimate which generates the “best fit” of the actual data, 
assuming a 31-month lag. 
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Visual inspection of the data panel (Figure E-1) highlights the disconnect between 

the actual macro-level data and the terrorist attack series generated from the simulation. 

Though the empirical work presented in Appendix D—specifically Figure D-1—showed 

a thirty-one-month lag between the peak of the drone strikes and the peak of the terrorist 

attacks, the ABM incorporated the same lag structure, but produced a curve that reached 

its local maximum nearly forty months later. Further exploration of the drone-month-lag 

variable yielded an increased statistical fit of the data when decreasing the input 

parameter estimate to twenty-five months (Figure E-2). Since there were omitted 

variables from the simulation, and since this research effort made assumptions about the 

network of agents, I regarded this noted difference between the empirical regression and 

modeling implementation as simply how the simulation fit the actual terrorist attack data. 

Like in Figure E-1, the panels arranged in Figure E-2 show the average rate of 

terrorist attacks (solid blue line) outputted from one thousand simulation runs of the 

computational ABM using the baseline parameter settings identified in Table 17. The 

actual terrorist attack series (dashed gray line) from Figure 27 is overlaid on top of each 

of the simulated outputs for a visual comparison. 
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Figure E-2. Identifying the population parameter estimate which generates the “best fit” of the actual data, 
assuming a 25-month lag. 
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The Monte Carlo simulation process with 550 agents best “fit” the actual series, 

according to the reported RMSE statistic in Figure E-2. However, this was likely due to 

the simulated terrorist attack curve more closely matching the upward and downward 

slopes of the actual terrorist attack curve. The magnitude of the simulated peak was 

approximately 86 percent of the peak observed in the actual series. From a policy 

perspective within the national security trade space, this calibrated model underestimated 

the potential ramifications resulting from the employment of a drone strike campaign 

carried out in Pakistan. In other words, this particular model predicted approximately 

11,250 terrorist attacks carried out from June 2007 through December 2018. Over that 

identical time period, Pakistan incurred nearly 12,500 terrorist attacks, or 11 percent 

more terrorist attacks than estimated by the simulation. Given conservative operational 

and contingency planning, as well as the risk-averse nature of the senior decisionmakers 

within the national security business, I would argue that the computational ABM that 

contained 550 agents is not acceptable. 

Therefore, despite a worse statistical “fit” than the simulation with 550 agents 

interacting in the notional environment, I selected the model with 500 agents. Though the 

output generated by the simulation underreported the number of terrorist attacks from 

June 2007 through June 2014 (i.e., accounting for nearly 86 percent of the actual number 

of terrorist attacks in Pakistan) and overreported the number of terrorist attacks from July 

2014 through December 2018 (i.e., 1.3 times as many attacks), the overall simulation 

accounted for 99.95 percent of the total number of terrorist attacks that occurred in 

Pakistan during the period June 2007 through December 2018. 
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