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ABSTRACT 

The United States is the second leading destination country for sex trafficking in the world.  

Increased effort to understand patterns of sex trafficking within the U.S. is imperative to 

combatting this issue.  Covert networks are increasingly using information and communication 

technologies (ICTs) to extend their operations.  Due to the increase in sex trafficking network 

activity online, there is a need for systematic research and methods especially in terms of 

technology facilitated sex trafficking.  This study examined how publicly available information 

can be used to uncover covert networks and sex trafficking patterns in the United States through 

the study of dark networks from a sociotechnical perspective.  The intent was to observe the 

types of data available in online escort advertisements and to identify ways to exploit data into 

meaningful information that can be used to disrupt this activity.  Network analysis methods were 

applied to sex trafficking activity in online environments to identify sex trafficking trends within 

the U.S.  Content analysis was used to identify important data fields in online escort 

advertisement that presented virtual indicators of sex trafficking.  This data was further exploited 

using social network analysis (SNA) methods to identify provider networks and movement 

trends.   Methods are presented to identify potential victims, provider networks, and domestic 

movement trends.  Covert networks are continuously balancing security risk with operational 

necessity to communicate to external audiences.  By using the Internet as a communication 

channel it becomes a lens to observe this activity.  Consistency of findings with known 

trafficking trends demonstrated the effectiveness of the method to uncover covert networks and 

circuits within the U.S.   
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"I freed a thousand slaves. I could have freed a thousand more if only they knew they were slaves." 

~Harriet Tubman 

Chapter 1.  Introduction 

Globalization and the growing access to information and communication technologies (ICTs) are 

reshaping society and the way people connect with one another (Castells, 2009).  In February 

2013, one billion people from over 200 countries across the globe ‘rose and danced’ in a display 

of strength and unity against violence toward women and children (One Billion Rising, 2013).  

Historically, women and children have been vulnerable to violence and exploitation.  The 

accounts of these atrocities have been gaining visibility as we have shifted to a more global 

society with increased access to information and communication channels.  One such crime 

against women and children that has been reshaped by globalization and ICTs is human 

trafficking.  Although men are also affected by human trafficking a far greater number of victims 

are women and children.   

 

Human trafficking is a crime that is often hidden in plain sight as organized crime groups find 

covert ways to exploit their victims (Hughes, 2003).  The deceptive nature of this activity lends 

to the difficulty of truly capturing the extent of this global issue.  Currently, there is no clear 

understanding of the scale and scope of this issue as many statistics are based on estimates 

(Laczko, 2002; UNODC, 2012).  There is a lack of empirical research and methods to study 

human trafficking activity (boyd, Casteel, Thakor, & Johnson, 2011; Clawson, Dutch, Solomon, 

& Grace, 2009; Clawson, Small, Go, & Myles, 2003; Laczko, 2002; Latonero, 2011, Latonero, 

2012; UNODC, 2012).  This is an exploratory study focused on technology facilitated domestic 

sex trafficking.  “Technology-facilitated trafficking refers to the social and technical ecosystem 
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wherein individuals use information and communication technologies to engage in human 

trafficking and related behaviors” (Latonero, 2012, p 10).  The advertising and searching 

activities of this criminal network is of particular interest allowing for both sides of market 

activity to be observed.   The motivation behind the current study is to identify potential sex 

trafficking activity in online environments in order to identify patterns of activity within the U.S.   

 

Human trafficking networks are increasingly using ICTs to extend their networks (boyd et al., 

2011; Hughes, 2000; Hughes, 2001; Hughes, 2002; Hughes, 2003; Hughes, 2004; Latonero, 

2011, Latonero, 2012; Operation Broken Silence, 2012; UNODC, 2012).  There has been a 

significant shift in human trafficking activity to the virtual environment as both the supply and 

demand side of this problem have benefitted from the use of the Internet.  Kalm (2013) stated, 

“technology connects a geographically very distant demand and supply side of the illicit market 

previously outside the sphere of interest of traditional organized crime” (p. 5).  Organized 

criminal groups extend criminal operations online forming ‘cybercriminal’ organizations 

involved in technology enabled crimes.  When operating in this environment cybercriminal 

organizations are continuously balancing security risk with operational necessity to engage with 

the demand side of the market willing to pay for their product/services (Baccara and Bar-Isaac, 

2008; Kalm, 2013; Lindelauf, Borm, & Hamers, 2009; McCormick and Owen, 2000; Morselli, 

Giguère, & Petit, 2007).  

   

The Internet, like many technologies, can have both positive and negative outcomes depending 

on how it is being used and by whom.  Although the Internet has been cited as the greatest 

facilitator of human trafficking, it also provides a space to observe human trafficking that did not 
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exist before by making many facets of trafficking more visible (boyd et al., 2011).  The Internet 

provides users with a sense of anonymity and invisibility, which makes participation in this illicit 

activity feel more discreet online than offline.  This false sense of security creates a space for this 

activity to flourish.  Those involved in this activity (Traffickers, Monger Community) use the 

Internet as a communication channel connecting clients to the product and to other members of 

the community.  Although this community’s behavior may be deemed deviant, they interact 

much in the same way as other virtual communities.  They participate in information seeking and 

sharing activities with other members of the community in open forums.  Interacting in this way 

and openly sharing information about community activity online creates an archive of 

information exchange.  The key is to identify which sites and information are useful in detecting 

sex trafficking and how that information can be used to disrupt this covert network activity.     

 

“The technological innovations and unregulated use of the Internet have created a 

global medium for men’s sexual exploitation and abuse of women and children.  Internet 

forums are used to advertise prostitution and compile men’s experiences buying women and 

children in prostitution” (Hughes, 2004, p. 2).  Human trafficking for the purpose of sexual 

exploitation is a subset of the commercial sex industry.  Trafficked victims are a subsection of 

commercial sex workers (UNODC, 2012).  Much of the advertising and searching activity 

associated with commercial sex work occurs online with online classifieds being used as a 

primary means of advertisement.  Some advertisements are for independent sex workers 

advertising themselves willingly, while other advertisements are of sex trafficked victims 

(Operation Broken Silence, 2012).  This study is concerned with identifying potential trafficked 

victims in online advertisements and identifying sex trafficking patterns across the U.S.   
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By using the Internet as their communication platform the community leaves an abundance of 

information scattered across the Internet.  This creates a pool of open source data that can be 

tapped into to better understand these covert networks’ operations.  Using online data gained 

from websites, discussion groups, or other forums is a growing trend in research on deviant 

behavior (Durkin, Forsyth, & Quinn, 2006).  Backpage (BP) is currently the leading online 

classified for commercial sex (Whitaker, 2012).  A sample of Backpage online escort 

advertisements from three U.S. cities was analyzed for indicators of sex trafficking in an effort to 

identify ads with potential links to sex trafficking.  A further analysis of two primary indicators, 

movement and shared management, was performed to identify which providers work together 

and to identify sex trafficking flows within the U.S.  An examination of advertisement history 

was used to obtain data on provider movement (or circuits).  A mixed-methods approach was 

used to identify potential sex trafficking patterns and movement trends within the U.S.  Social 

network analysis was the primary method used to identify and construct networks of both 

providers and movement trends.  Geographic data were incorporated in order to visualize 

movement patterns geospatially.  

 

1.1 Global Issue   

Human Trafficking is a global issue that violates human rights and is a form of modern day 

slavery.  Although slavery is illegal, it persists today with numbers twice as high as the trans-

Atlantic slave trade (Operation Broken Silence, 2012).  Current global estimates indicate as 

many as 27 million people are victims of the various forms of human trafficking (U.S. 

Department of State, 2012).  This number reflects an estimate only and does not accurately 
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reflect the magnitude of the problem as sound data for this global issue does not exist.  A large 

part of the phenomenon continues to remain hidden “as for all crimes, official statistics on 

trafficking in persons represent only the tip of the iceberg, as criminals generally go to great 

lengths to prevent the detection of their activities” (UNODC, 2012, p. 16).  There are issues with 

data in terms of  the deceptive nature of criminal activity, discrepancies with laws, lack of 

systematic data collection and methodology, data silos, and many unreported cases of human 

trafficking (Laczko, 2002; Laczko & Gramegna, 2003).   

 

The Protocol to Prevent, Suppress and Punish Trafficking in Persons (2000), also known as the 

Palermo Protocol, defines human trafficking as: 

The recruitment, transportation, transfer, harbouring or receipt of persons, by means of 

the threat or use of force or other forms of coercion, of abduction, of fraud, of deception, 

of the abuse of power or of a position of vulnerability or of the giving or receiving of 

payments or benefits to achieve the consent of a person having control over another 

person, for the purpose of exploitation. Exploitation shall include, at a minimum, the 

exploitation of the prostitution of others or other forms of sexual exploitation, forced 

labour or services, slavery or practices similar to slavery, servitude or the removal of 

organs (p. 2). 

The Palermo Protocol was the first document to acknowledge human trafficking as a global issue 

that required international cooperation and it established a definition of human trafficking for the 

international community to work from (Godziak & Collett, 2005; UNODC, 2012).  There are 

various forms of human trafficking to include: Trafficking in women for sexual exploitation, 

Trafficking for forced labor, Commercial sexual exploitation of children in tourism, and 
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Trafficking in organs (Trafficking in human beings, 2012).  Trafficking for the purposes of 

sexual exploitation is the most prominent form of human trafficking.  According to the United 

Nations Office on Drugs and Crime Trafficking in Persons Global Patterns report (2006), sex 

trafficking accounted for 87% of all global cases detected.  However, according to a later report 

58% of global trafficking cases involved sex trafficking (UNODC, 2012).  Their vast difference 

in estimated cases (30%) underscores some of the challenges of research on covert network 

activity and the lack of consistent data and methods.  Sexual exploitation is defined as, 

“exploitation aimed at obtaining economic profit from the forced commercial sexual activity of 

another person: the exploitation of the prostitution of others” (UNODC, 2012, p. 34).  Being the 

most prominent form of human trafficking it is the focus of the current study.  

 

1.2 Domestic focus 

Human trafficking is the second most profitable organized crime in the world with an estimated 

annual global profit of $32 billion (Belser, 2005; Human trafficking: the facts, 2007).  Nearly 

half of all profits are generated in industrialized countries.  Typically, lesser developed regions 

serve as source locations, while industrialized countries are destination locations.  The world’s 

leading destination countries for the sexual exploitation of trafficked women and children are 

Germany and the United States respectively (Mizus, Moody, Privado, & Douglas, 2003).  In 

recent years, there has been an increase in attention from the media, government, and law 

enforcement on international human trafficking issues (Judge & Murphy, 2011).  However, there 

has been less emphasis on domestic sex trafficking.  Domestic human trafficking is the 

trafficking of persons internally (within a country).  Globally, domestic trafficking accounted for 

almost one-third of all detected cases, which is an increase from 2007 to 2010 (UNODC, 2012).  
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Many people are aware of this issue on an international scale impacting lesser-developed 

regions, but are unaware of the magnitude of this problem domestically within the U.S.   Due to 

the illicit nature of this activity and limited research conducted on domestic sex trafficking of 

U.S. citizens, the exact number of victims in the U.S. is unknown.  However, human trafficking 

cases have been reported in all fifty states (U.S. Department of State, 2012).  Federal efforts to 

combat human trafficking call for an assessment of trafficking trends within the U.S.  The goal is 

to provide law enforcement and service providers with the information they need to more 

effectively manage and deploy resources (U.S. Department of State, 2012).   

 

1.3 Facilitated by Information and Communication Technologies 

Globalization and the influx of information and communication technology (ICTs) have 

contributed to this global issue.  Technology has been cited as a significant facilitator of human 

trafficking (boyd et al., 2011; Hughes, 2000; Hughes, 2001; Hughes, 2002; Hughes, 2003; 

Hughes, 2004;  Latonero, 2011, Latonero, 2012; Operation Broken Silence, 2012; UNODC, 

2012).  “As one of the most technologically advanced countries in the world, the U.S. faces the 

challenge of combating facilitation of sex tourism and sex trafficking markets by technology” 

(Latonero, 2011, p. 14).  Human trafficking operates on the basis of supply and demand 

flourishing in environments that permit high profitability at reduced risk (Human Trafficking 

Cheat Sheet, 2012.).  The affordances of ICTs are being capitalized by both the supply and 

demand side of the market.  Two key technologies being used to advance this market are the 

Internet and mobile phones, which make detection difficult and reduces risks to both buyers and 

sellers (Latonero, 2012).  On the supply side, traffickers use the Internet to more efficiently reach 

a larger customer base and advertise the sale of their product.  The Internet provides a faster and 
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more economical way to reach a larger customer base.  It also provides a media rich environment 

ideal for advertising and at a lower cost than other forms of advertisement (Hughes, 2000).  On 

the demand side, the Internet provides clients with an anonymous environment to immerse 

themselves in this deviant activity with like-minded individuals.  They are also able to 

anonymously scan advertisements and access profiles of women (and/or children) via the virtual 

environment, which provides an abundant pool of advertisements for sexual services at a lower 

risk than in the physical environment.   

 

1.3.1 Role of the Internet   

The Internet World Statistics site estimates that at the end of 2013 there were over 300 million 

Internet users in North America and approximately 2.8 billion worldwide (Internet usage 

statistics , 2014).  The International Telecommunication Union estimates that this number will 

reach about 3 million by the end of 2014 (Sanou, 2014).  People use the Internet for various 

activities from correspondence, entertainment, academia, networking, shopping, etc. 

(Pornsakulvanich, Haridakis, & Rubin, 2008).  Over the past few decades the Internet has 

developed into an important communication channel connecting people from across the globe.  

The prevalence of Internet use has contributed to the vast development of the computer-mediated 

communication (CMC) network (Lee & Lee, 2010).  There are multiple communication 

platforms available on the Internet, which provide people with a variety of means to 

communicate with one another.  These platforms include email, chatrooms, blogs, social 

networks, messaging services, and information exchange forums.  Ridings and Gefen (2004) 

identified information sharing, social support, friendship, and recreation as the four most 

common reasons that people participate in online communities.  Similar to the vast majority of 
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other Internet users, those involved in trafficking have benefitted from the various 

communication platforms available online.   

 

The Internet and the use of online classifieds have changed the environment of sex trafficking. 

Activities have shifted from a predominantly physical environment to an increasingly virtual 

environment, with trafficked persons often being advertised online as well as on the street 

(Kreyling, West & Olson, 2011).  Virtual red light districts provide a low risk environment for 

buyers to connect with sellers (boyd et al., 2011; Judge, 2011; Latonero, 2011; Operation Broken 

Silence, 2012).  Trafficking activity has been documented in chat rooms, social network sites, 

online classifieds, and social media sites allowing traffickers to exploit a greater number of 

victims (Latonero, 2011).  Deviant uses of technology are not unique to the Internet.   “Concerns 

over the deviant use of technology has surfaced with each new advancement including the 

telephone (phone sex); and the violence and sexuality of television, radio, and movies” (Quinn, 

& Forsyth, 2005, p. 203).  Although much of this activity occurs on mainstream websites many 

sites are designed for this community and may require membership to participate (Wang, Cai, 

Philpot, Latonero, Hovy, & Metzler, 2012).  The various types of community specific sites 

include chatrooms, blogs, social networks, messaging services, and information exchange forums 

(Hughes, 2000; Hughes, 2001; Hughes, 2002; Hughes, 2004).  

 

1.3.2 Use of Mobile Phones 

The use of phones has historically been a game changer for the commercial sex industry as the 

telephone and beeper were instrumental in the evolution of the street walker to call girl (Quinn & 

Forsyth, 2005).  Today, mobile phones or smart phones are multi-purpose devices.  Not only do 
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they serve as the channel between the virtual and physical environments, connecting clients to 

the product for coordination of services, but they also serve as the portal to connect to the 

Internet providing the capability to post ads and manage profiles.  Mobile phones provide 

wireless ubiquitous communication allowing providers freedom of movement.  Criminal 

networks rely heavily on mobile connectivity for operational and coordination purposes.  Phones 

are typically prepaid mobiles, so they cannot be linked to a specific individual through a service 

contract (Hughes, 2004; Latonero, 2012).  However, they can be used to provide other 

information on this activity.  The majority of ads include a phone number to contact the poster 

and schedule services.  Coordination of scheduling may be done through a central line, with 

phones linked to the provider via the trafficker or a decentralized manner, with providers 

maintaining individual numbers (Operation Broken Silence, 2012).  Providers’ reputations are 

linked to their phone numbers via customer reviews.  Many of the sites dedicated to searching 

activity use phone numbers as search terms to access provider profiles.  This practice indicates 

the importance of maintaining individual phone numbers for reputation development.   

 

1.4 Problem Statement  

There is a lack of empirical data on human trafficking (boyd et al., 2011; Clawson et al., 2003; 

Clawson et al., 2009; Godziak & Collett, 2005; Kangaspunta, 2006; Kreyling et al., 2011; 

Laczko, 2002; Latonero, 2011, Latonero, 2012; UNODC, 2012).  Due to the covert nature of this 

activity and the lack of solid research methods to capture data, it is difficult to generate accurate 

estimates of the scope of this issue.  Trafficking networks are also increasingly using technology 

to facilitate their activity creating a need for research on the role of technology in facilitating sex 
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trafficking and the need for a better understanding of online sex trafficking markets (cyber-sex 

trafficking).   

 

boyd et al. (2011) developed a framework that identified 15 aspects of trafficking being reshaped 

by technology.  This study will focus on two of those aspects: the Advertising and Selling of 

Victims, and Searching for and Purchasing of Victims by “Johns”.  Much of the advertising and 

searching activity occurs on online classified sites, yet there is little research examining the use 

of online classifieds in sex trafficking and it is an issue that needs further examination (Latonero, 

2011).  The intent of this study is to observe the type of data available in online escort 

advertisements that offer indicators of sex trafficking and to identify ways to transform data into 

meaningful information that can be used to disrupt potential criminal activity.   

 

The U.S. is a leading destination country for sex trafficking.  However, little is known about the 

movement trends of victims (domestic or foreign) as they are moved and sold across the nation.  

Transnational sex trafficking flows have been identified depicting the general flow of trafficked 

victims from source to destination countries (See Figure 1 below).  However, domestic 

trafficking flows are not as well understood.  “There is no systematic means of proactively 

assessing the scale, movement, demand, inter-connectedness, or general operation of juvenile 

prostitution and Domestic Minor Sex Trafficking (DMST) at a regional or larger level” 

(Kreyling et al., 2011, p. 18).  Understanding the patterns of activity in the virtual sex market 

could present clues to domestic sex trafficking activity, especially in terms of movement trends 

of trafficked persons within the U.S.  This information will be a valuable resource in the fight 

against modern day slavery.       
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Figure 1. Transnational Trafficking Flows (UNODC, 2012). 

 

Due to the increase in cybercriminal network activity online, “the development of effective 

counter-measures requires active research of such networks, their structures and dynamics” 

(Kalm, 2013, p. 11).  In order to address this issue, the research questions are: 

RQ1: What patterns can be detected in domestic sex trafficking by analyzing content in 

online escort advertisements? 

RQ 1.1: What potential victims of sex trafficking do we observe by analyzing  

content available in online escort advertisements? 

RQ 1.2: What provider networks do we observe by analyzing content available in 

online escort advertisements?   

RQ 1.3: What movement trends of potential traffickers or victims (i.e. hubs, 

circuits, etc) do we observe by analyzing content available in online escort 

advertisements? 
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Research question 1.1 is aimed at identifying potential victims of sex trafficking using the data 

available in online escort ads.  The ads will be analyzed and flagged for having potential links to 

sex trafficking using an indicator index developed Ibanez & Suthers (2014) to identify potential 

sex trafficking activity in online markets by translating physical indicators to the virtual 

environment.  If these indicators are present in the content of the advertisements, the ads will be 

flagged as high risk.  Research questions 1.2 and 1.3 further examines two primary indicators, 

shared management and movement.  Shared management indicates providers are working 

together.  Movement indicators suggest that providers are being transported and advertised 

and/or sold in various locations across the U.S.  Both indicators are suggestive that activity may 

be linked to a larger, organized criminal network.  They point to a potential control mechanism 

and coordination of activities.    

 

The objectives of this study are:  

1.  Explore the patterns of activity of sex trafficking in a new domain, the virtual environment, to 

address gaps in literature.  Human trafficking activity has shifted from the physical to virtual 

environment.  By using the Internet as a communication channel to remain discreet and out of 

public view/space, community activity in essence becomes more observable.  Thus, Internet 

becomes a lens to observe this activity. 

 

2.  Develop a method to identify potential sex trafficking activity in online markets by translating 

physical indicators to the virtual environment.  This examines how offline trafficking behaviors 

manifest themselves in online messages. 
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3.  Develop a method to identify provider networks and map the movement trends of potential 

sex trafficking activity within the U.S.  The use of social network analysis (SNA) methods will 

allow prominent hubs and circuits of this activity to be observed by providing a tool to uncover 

covert network structures and activity. 

 

1.5 Significance of Study 

Although there is a growing knowledge base on human trafficking, much remains to be explored 

and understood especially in terms of technology facilitated sex trafficking activity.  Reports on 

both global and domestic sex trafficking have highlighted the need for empirical research to 

broaden the understanding of this complex criminal activity (boyd et al., 2011; Latonero, 2011; 

Latonero, 2012; UNODC, 2012).  Current statistics on sex trafficking barely scratch the surface 

of the severity of this problem as most of this activity remains hidden.  Organized crime groups 

go to great extents to avoid detection and conceal their illicit activities (UNODC, 2012).  We 

know the U.S. is a destination location for transnational trafficking (Kangaspunta, 2006).  We 

also know a large number of U.S. citizens are domestically trafficked and children (under 18) are 

the most vulnerable (Estes & Weiner, 2001; Demand, 2007).  However, we do not have reliable 

data on sex trafficking activity within our borders.  There is a need for National level statistics of 

trafficking and identification of movement patterns within the U.S. in order to better understand 

the issue and more effectively direct resources and anti-trafficking efforts.  A recommendation of 

the Trafficking in Person’s Report (2012), with regard to the trafficking situation within the U.S., 

is the need for improved data collection and analysis at every level (federal, state, and local).  

Increased effort to understand domestic patterns of sex trafficking within the U.S. is imperative 

to combatting this crime.  This study attempts to expose this activity in specific online 
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environments and identify prominent movement trends within the U.S.   

 

There is also a need to develop methods to capture the hidden structures of this activity in order 

to expose covert network activity making it possible to discern sex trafficking flows within the 

U.S.  This study used a mixed methods approach to identify covert network activity.  Social 

network analysis was used to identify and expose network activity.  The ability to observe covert 

network activity using network analysis methods can be used to identify vulnerabilities in the 

network to disrupt activity.  Integrating data from multiple online data sources and using network 

analysis methods allows hidden structures and patterns to be observed.  Understanding the ways 

this community is using the Internet (hub sites, important data fields, and how to use that data) 

will provide researchers with insight on how to more effectively address this complex issue.  By 

understanding the depth and scope of the problem policies to combat this issue can be more 

effectively designed.   

 

Currently, law enforcement data on human trafficking provides retrospective information from 

criminal activity.  Data is based on the number of arrests or reported incidents.  The current study 

identifies a method to capture movement trends of potential trafficked persons prior to law 

enforcement involvement, allowing for a more proactive approach to law enforcement 

intervention.  Data obtained from online advertisements and escort review sites were used to 

identify prominent movement trends.  The methods exposed hub cities and prominent circuits of 

commercial sex workers, some of which are indeed trafficked persons.  This information can 

provide valuable insight to intervention strategies.  This information is obtained based on 

information provided by the supply side of the market prior to any action from law enforcement 
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personnel occurring.  Open source data can be exploited using research methods that will 

highlight network vulnerabilities allowing law enforcement to more effectively implement 

prevention strategies and target resources. 

 

Analysis of online classifieds and the identification of advertisements with potential links to 

trafficking has policy implications in terms of websites facilitating criminal activity.  Most of the 

advertisements for adult services contain explicit content obviously (to any reasonable person) 

advertising prostitution with very few ads attempting to hide the nature of the content.  Although 

ads may be linked to potential criminal activity, hosting these ads is quite profitable to websites.  

In 2011, a survey of the top 5 sites hosting ads for escort services and body rubs, both alternate 

terms for prostitution, reported combined revenue of $36.2 million (Whitaker, 2012).   Websites 

hosting these types of ads are aiding illegal actions as prostitution is illegal in most states.  

However, the Communication Decency Act of 1996 relieves websites from liability of third-

party content.   
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Chapter 2.  Background and Literature Review 

2.1 Human Trafficking  

Human trafficking has touched just about every continent with countries serving as the source, 

transit, or destination locations.  Documented victims have been trafficked from 127 countries 

and exploited in 137 countries (Kangaspunta, 2006).  The majority of the victims of trafficking 

are women and children as they tend to be the most vulnerable.  A report conducted by UNODC 

from 2007-2010 found, “women account for 55-60 percent of all trafficking victims detected 

globally; women and girls together account for about 75 percent.  Twenty-seven percent of all 

victims detected globally are children. Of every three child victims, two are girls and one is a 

boy” (2012, p. 7).  An alarming finding in the study was the increase of child victims noted 

during the study period.  

 

Human trafficking is a service based market, which operates on the principles of supply and 

demand.  Shively, Kliorys, Wheeler, & Hunt (2012) developed a simple flow model of sex 

trafficking markets identifying the major components and dynamics (See Figure 2 below).  They 

identified three main components of this market: the ‘consumer-level’ demand or the client side 

of the market (i.e. mongers, hobbyists, johns); the ‘wholesale-level’ demand or the distributors 

(i.e. traffickers, pimps); and the supply or the victims and/or survivors of sexual exploitation.   

Demand is a driving force that influences the flow of the other components of the market.  The 

market thrives in environments where high demand and potential for high profitability exists.  

This is depicted in the map of global flows of sex trafficking (above).    
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Figure 2. Flow Model of Commercial Sex Markets (Shively et. al, 2012, p5). 

 

On the international level, conventions have been established to address human trafficking on a 

global scale.  In December 2003, the United Nations Protocol to Prevent, Suppress and Punish 

Trafficking in Persons, Especially Women and Children was established and signed by the 

international community as a supplement to the United Nations Convention against 

Transnational Organized Crime (United Nations Convention, 2013).  This protocol was a pivotal 

point in addressing human trafficking as a transnational issue.  It was the first document 

established by an international body recognizing human trafficking as an organized criminal 

activity as well as provided a definition for the global community to act on.  In 2010, the 

international community reinforced its commitment to and implementation of the Protocol by 

adopting the United Nations Global Plan of Action to Combat Trafficking (UNODC, 2012).  Part 

of this plan called for increased research and data on human trafficking in order to develop a 

greater body of knowledge on this issue.   
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The Trafficking Victims Protection Act of 2000 (TVPA) was the first U.S. federal law to address 

human trafficking.  In establishing the TVPA, the U.S. government set standards for other 

countries in terms of the prevention, protection, and prosecution of human trafficking, which 

became known as the 3P’s approach.  Subsequent federal laws which expanded the scope and 

authority of the TVPA include the Trafficking Victims Protection Reauthorization Act of 2003, 

the Trafficking Victims Protection Reauthorization Act of 2005, the Trafficking Victims 

Protection Reauthorization Act of 2008, and the Trafficking Victims Protection Reauthorization 

Act of 2013 (U.S. laws on trafficking in persons, 2014).  These laws reaffirm the U.S. 

government’s efforts as a global leader in the fight against human trafficking by providing a 

framework and tools to combat domestic and transnational trafficking.   

 

Following the establishment of the TVPA, the U.S. Department of State began producing an 

annual Trafficking in Persons (TIP) Report to rank countries anti-trafficking efforts with the first 

report published in 2001.  The TIP report rates countries on three tiers based on their 

governments efforts to meet the minimum standards to eliminate trafficking outlined in the 

TVPA (TIP, 2012).  The tiers range from complies fully with the minimum standards established 

by the TVPA (Tier 1) to does not comply with the minimum standards set forth by the TVPA 

(Tier 3).  The TIP report was established to exhibit global leadership and commitment to the 

elimination of modern day slavery.  However, several governments have questioned the United 

States’ authority and credibility to judge their countries.  Another controversial issue with the 

report is the fact that the U.S. was not included in the report until 2010.  This is a legitimate 

concern as the U.S. is a leading destination country for transnational trafficking.  Not only is 

transnational trafficking a significant issue within the U.S., but Kangaspunta (2006) found that 
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30% of trafficked victims in the Americas were domestically trafficked persons.  The report 

highlights global patterns of trafficking, and found that although the U.S. is a tier 1 country, the 

U.S. faces issues with both transnational and domestic trafficking.   

 

2.2 Domestic Sex Trafficking    

Research has predominantly focused on transnational issues of trafficking, while limited research 

has focused on domestic trafficking of U.S. citizens (Laczko & Godziak, 2005).  According to 

current estimates, although many trafficked persons are foreign nationals, a significant number 

are U.S. citizens being trafficked within the country.  Figure 3 below provides human trafficking 

statistics within the U.S. between January 2008 and June 2010 based on a report by the 

Department of Justice (Banks & Kyckelhahn, 2011).  Sex trafficking accounted for 82% of all 

reported trafficking incidents.  Of those cases, 83% of victims were U.S. citizens and 40% of the 

cases were related to child sexual exploitation.  Judge and Murphy (2011) found that child sexual 

exploitation is the most hidden form of child abuse in the U.S.  Each year an estimated 100,000 – 

300,000 American children under the age of 18 are at risk of being victims of sexual 

exploitation, suggesting that the most prominent group of trafficked victims within the country 

are U.S. minors (Estes and Weiner, 2001; Demand, 2007).  Traffickers maintain the supply chain 

by targeting and recruiting children (under the age of 18).  Victims are introduced and groomed 

into this lifestyle at an early age.  Hanna (2002) found “an estimated eighty percent of adult 

prostitutes started working as children.  Research indicates that most adult women who work in 

the commercial sex industry started working between the ages of 14 and 18 - a time when they 

were far too young to make an informed decision” (p. 12).  The average age of entry into 
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prostitution is 13-14 with some statistics suggesting that number is dropping to 10-11 (Friedman, 

2005).   

 

Figure 3. DOJ Suspected Trafficking Cases 2008-10 (Banks & Kyckelhahn, 2011). 

 

2.2.1 Sex Trafficking Definition 

The issue of sex trafficking is very complex often making it difficult to discern.  There continues 

to be considerable debate over the definition of sex trafficking at both the international and 

national levels with varying ideological perspectives ranging from the abolitionist view to the 

sex work perspective.  These perspectives are at polar opposite ends of the spectrum.  The 

abolitionist perspective views prostitution as a human rights violation and based on that premise 

no person can give genuine consent to participate in this activity (Emerton, Laidler, and Petersen, 

2007).  This perspective views all forms of prostitution as a form of slavery.  In opposition to this 

view is the pro-sex worker view.  This perspective views prostitution as a legitimate means of 

work where women have choice and agency to engage in this form of labor (Emerton et al., 

2007).  This is an ongoing debate that goes beyond the scope of this paper.  However, 

understanding the continued controversy surrounding the definition of human trafficking, the 
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current study uses the TVPA’s definition of sex trafficking as it is the federal law pertaining to 

domestic sex trafficking.   

 

The TVPA (2000) defines sex trafficking as “the recruitment, harboring, transportation, 

provision, or obtaining of a person for the purpose of a commercial sex act” and defines severe 

forms of trafficking as “sex trafficking in which a commercial sex act is induced by force, fraud, 

or coercion, or in which the person induced to perform such act has not attained 18 years” (p. 

1470).  This definition emphasizes the control mechanism involved with sex trafficking via 

force, fraud, or coercion, which makes it distinct from commercial sex work or prostitution.  

However, if the person involved in commercial sex exploitation is under the age of 18 it is 

considered sex trafficking regardless if force, fraud, or coercion is present.  Force, fraud, or 

coercion can be exhibited in a variety of ways.  Pimps and traffickers use multiple means to 

recruit and control their victims.  “Sex traffickers frequently targeted vulnerable people with 

histories of abuse and then used violence, threats, lies, false promises, debt bondage, and other 

forms of control and manipulation to keep victims involved in the sex industry”  (U.S. 

Department of Health and Human Services, National Human Trafficking Resource Center 

[NHTRC], 2013, p. 15).   

 

2.2.2 Control Mechanisms 

Various control mechanisms are used to manipulate victims of sex trafficking (see Figure 4 

below).  Common methods used include deception, lover boy approach, kidnapping and 

violence, and substance abuse (Operation Broken Silence, 2012).  Some victims are lured into 

this lifestyle by deception.  They are promised an opportunity for a certain type of employment, 
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but later find out the job entails something completely different.  The boyfriend or lover boy 

approach aims at emotionally manipulating the victims.  Victims are often targeted by traffickers 

who initially pose as a love interest in order to develop trust, then convince or coerce the victim 

into prostitution.  If the victim does not comply with the request a ‘breaking in process’ may 

occur in which the victim is beaten until she complies.  Some victims are abducted by traffickers 

and held against their will.  Substance abuse in the form of drugs and alcohol are also commonly 

used to control victims.  Many times victims will develop substance abuse issues over-time as a 

form of self-medication.   

 

 

Figure 4. Power and control wheel (Human trafficking power and control wheel, 2010). 
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2.2.3 Types of Sex Trafficking 

The National Human Trafficking Resource Center (NHTRC) conducted a report of human 

trafficking trends in the U.S. using data from their human trafficking hotline from 2007 thru 

2012.  The report categorized the various types of sex trafficking, which included: Pimp-

Controlled Prostitution, Sex Trafficking – Other/Not Specified, Commercial-Front Brothel, 

Escort Service/Delivery Service, Pornography, Residential Brothel, Personal Sexual Servitude, 

Hostess/Strip Club/Bar/Club/Cantina, Sex Tourism, International Marriage Broker, Religious 

Institution/Organization, and Ritual Abuse/Cult-Related (NHTRC, 2013, p. 15).  Figure 5 below 

provides a breakdown of reported sex trafficked incidents by type based on the 5,932 reported 

incidents of sex trafficking over the five-year study period.  At 42% of all reported cases, pimp-

controlled prostitution was the leading form of sex trafficking.  The NHTRC Annual Report 

(2011) found, “pimp-controlled sex trafficking typically involves traffickers or ‘pimps’ who 

compel women and/or children into commercial sex.  The victims are often U.S. citizens from 

diverse backgrounds” (p. 7).   
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Figure 5. Reported incidents of sex trafficking within the U.S. by type (NHTRC, 2013, p 15). 

 

Understanding the existence of independent entrepreneurial prostitution in the commercial sex 

industry, this study is concerned with the subset of the market linked to cases of sexual 

exploitation and trafficking in persons.  Pimp-controlled prostitution and commercial front 

brothels are of particular interest due to the prevalence of these two forms of sex trafficking 

within the U.S. (NHTRC, 2013).  Although there are independent sex workers, research has 

found majority of sex workers are involved with a pimp, citing 53% of prostitutes entered sex 

work with a pimp, and over 80% eventually become involved with one (Giobbe, 1993; 

Williamson & Cluse-Tolar, 2002).  Pimp-controlled prostitution entails a pimp controlling 

victims to participate in commercial sex acts (NHTRC, 2013; Williamson & Cluse-Tolar, 2002).  

A review of NHTRC data from 2007 through 2012 found that many reports of these incidents 

were linked to online advertisements for sexual services (NHTRC, 2013).     
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Commercial front brothels were linked to 15% of reported cases of sex trafficking, placing it in 

the top three forms of sex trafficking (NHTRC, 2013).  Commercial front-brothels use front 

businesses to disguise their illicit activities by registering as a legitimate business.  Many are 

linked to massage parlor type of businesses: 

Fake massage businesses operate as commercial-front brothels claiming to offer 

legitimate services such as massage, acupuncture, and other therapeutic, health, and spa 

services. They are distinguishable from other legitimate massage businesses in that they 

provide commercial sex to customers, though massage and other nonsexual services may 

be available as well (Fake massage businesses, 2011, p. 1). 

Operating as a legitimate business allows these types of businesses to be located in mainstream 

locations such as malls or office buildings across the nation.  They also advertise openly in 

various venues to include directories, newspapers, and online classifieds as well as sexually 

oriented online venues that cater to ‘Johns.’  Multiple websites cater to the demand (John) side of 

the market to facilitate searching activities.  One such site that tracks erotic massage parlors is 

eroticmp.com. These sites “maintained by ‘johns’ meticulously track fake massage businesses 

and estimate that there are over 4,000 brothels disguised as fake massage businesses nationwide” 

(Fake massage businesses, 2011, p. 5). 

 

2.2.4 Issues with the Law 

Part of the issue in addressing sex trafficking relates to issues surrounding the law.  There are 

contradictions, varying laws, varying interpretations of the law, and discrepancies in what 

constitutes trafficking (Birkhead, 2011; Clawson et al., 2003; Judge and Murphy, 2011).  
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Internationally trafficked victims receive protection and assistance, while U.S. victims regardless 

of their age are prosecuted for prostitution.  Federal law states that any commercial sex act 

involving a person under the age of 18 is a case of human trafficking.  Despite this many 

adolescents involved in forced prostitution are criminalized.  Judge and Murphy (2011) raise 

concerns about discrepancies within the law that fail to protect child victims of domestic sex 

trafficking.  They argue that there are issues with legal age of consent laws and prostitution laws, 

stating that the legal age of consent in most states is 16.  However, many juveniles under the age 

of 16 are arrested for prostitution despite the fact they are under the legal age of consent.  In 

addition, state level laws may differ and not all states have laws addressing human trafficking.  

There is a push to establish a national legal framework to address trafficking.  In 2011, the 

Polaris Project began producing a national level annual report, similar to the TIP Report for the 

international community, rating each state on human trafficking laws.  The lack of laws and 

lesser punishment for crimes related to child sexual exploitation compared to drug offenses 

contributes to the increasing prevalence of this crime.   

 

Due to discrepancies with laws, definitions, and law enforcement perspectives current statistics 

on sex trafficking within the U.S. are linked to prostitution charges.  It is often difficult to 

determine or prove that an individual is involved in commercial sex activity due to force, fraud, 

or coercion.  The distinction is often filled with significant gray areas making it difficult to 

discern.  Historically, prostitutes were treated as criminals and incarcerated for their crimes.  

This approach has been ineffective in deterring this criminal activity.  As prostitutes are arrested 

and removed from the streets a new supply of women are procured to replace them, so the cycle 

continues.  History has shown that focusing on the supply side of the market does little to deter 
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sex trafficking activity.  Hughes (2003) states that despite federal laws most trafficking victims 

are criminalized at the local level.  She found that although local law enforcement is aware of the 

circumstances surrounding the prostitution (pimp-controlled) they are unable to address them as 

victims due to the lack of authority and resources.  

 

As awareness of human trafficking issues gains traction and training programs for first 

responders are being implemented a shift in local law enforcement perspectives on prostitution 

and human trafficking is occurring.  Marcin (2013) discussed this shift and how investigators are 

shifting efforts toward the demand side of the market and beginning to consider that many of 

these women are actually victims of human trafficking, who are in fact being controlled by a 

third party (pimp or trafficker).  The shift in approach to dealing with this problem targets the 

demand side (i.e. pimps and Johns) rather than the prostitute.  In some areas of the country (i.e. 

California) where significant anti-trafficking efforts are in motion, law enforcement personnel 

are starting to view prostitutes as potential victims and pimps as suspects.  Targeting pimps has a 

greater impact on deterring this activity.  The goal is to rescue these women from their captors 

and provide rehabilitative services to them.  The Anaheim police department initiated a pilot 

project in 2011 that implemented this new approach.  As a result of this project 38 pimps were 

arrested and 52 victims were rescued.  This new approach has proven to be a more effective way 

of preventing this crime.  The spread of this trend throughout the different levels of law 

enforcement will present a more effective way to combat this issue and prevent further 

victimization of trafficked persons.  In a 2012 report reviewing the U.S. Department of Justice’s 

national sex trafficking demand reduction efforts, Shrively et. al found, “the only practices for 
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combating prostitution and sex trafficking that are demonstrated to be effective are those that 

include combating demand” (p4).  

 

2.2.5 Terminology 

This criminal network uses various terms to describe the roles and activity surrounding this 

crime.  This sub-culture has created an entire vocabulary to discuss and disguise their actions.  

The terms relevant to this study will be introduced and defined below.   Three main roles of the 

sex trade that are relevant to this study include the trafficker (third party seller), the product 

(person being sold), and the client.  A pimp or madam is “the sex industry term for the primary 

trafficker who is profiting from the sexual exploitation of the victim” (NHTRC, 2013, p 17).  To 

expand on pimps, they refer to themselves as ‘players’ and refer to their profession as the game, 

while the overall context of this sub-culture is called ‘the life’ (Williamson & Cluse-Tolar, 

2002).  The product (person) being sold is referred to as the provider.  The provider is the person 

being subjected to commercial sex exploitation.  The group of providers controlled by a pimp is 

called a stable.  The bottom is the term used for the provider the pimp charges with recruiting 

and managing the other providers in the stable. The clients of this trade are known as Johns.  The 

John community is referred to as Hobbyists, Punters, or Mongers.  This activity occurs in various 

locations.  The physical location the provider walks is known as the track.  Hubs are areas 

known for high volumes of commercial sex or trafficking activity.  The series of cities a provider 

is sold in is called a circuit (often inter-state movement).  A micro-circuit is the movement of a 

provider within a state (intra-state movement).  Trafficking flows refer to the movement trends 

of trafficked persons (Kangaspunta, 2006).  Trafficking flows can be observed at many different 
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levels (transnational, national, regional, state, etc).  In this paper the term victim refers to 

involuntary or coerced providers. 

 

2.2.6 Movement along Circuits 

Movement is a critical element of sex trafficking.  It does not define trafficking, but it is a key 

indicator of potential trafficking activity as movement indicates a more coordinated effort of 

activity.  Also, in terms of the law, per the 18 U.S. Code Chapter 117 – Transportation for Illegal 

Sexual Activity and Related Crimes (also known as the Mann Act of 1910) the interstate 

transport of individuals for the purpose of commercial sex is a felony offense.  In terms of 

transport, it states: 

Sec. 2421. Transportation generally: Whoever knowingly transports any individual in 

interstate or foreign commerce, or in any Territory or Possession of the United States, 

with intent that such individual engage in prostitution, or in any sexual activity for which 

any person can be charged with a criminal offense, or attempts to do so, shall be fined 

under this title or imprisoned not more than 10 years, or both. 

 

Sec. 2422. Coercion and enticement: Whoever knowingly persuades, induces, entices, or 

coerces any individual to travel in interstate or foreign commerce, or in any Territory or 

Possession of the United States, to engage in prostitution, or in any sexual activity for 

which any person can be charged with a criminal offense, or attempts to do so, shall be 

fined under this title or imprisoned not more than 20 years, or both. 

 



31 

 

Sec. 2423. Transportation of minors: Transportation With Intent To Engage in Criminal 

Sexual Activity. - A person who knowingly transports an individual who has not attained 

the age of 18 years in interstate or foreign commerce, or in any commonwealth, territory 

or possession of the United States, with intent that the individual engage in prostitution, 

or in any sexual activity for which any person can be charged with a criminal offense, 

shall be fined under this title and imprisoned not less than 10 years or for life. (Mann Act 

of 1910, 2006, p. 558).  

 

The movement of victims along a circuit leaves trafficker subject to potential felony charges 

under this law.  Providers are often shuffled across the nation to various cities based on demand.  

Providers are moved from city to city on a circuit in order to maximize profits and reduce the 

potential of detection by law enforcement.  A circuit is the series of cities providers are moved to 

and sold in, which could include movement along entire regions (Kreyling et al., 2011).  This 

systematic movement of providers to various cities across the nation for the purposes of 

commercial sex activity alludes to a more sophisticated, organized criminal activity taking place.  

A well-known circuit is the Western Circuit, which includes Seattle, Washington; Portland, 

Oregon; San Francisco, Los Angeles, and San Diego, California; Hawai‘i; Phoenix, Arizona; 

Denver, Colorado; and Salt Lake City, Utah (Smith, Vardaman, & Snow, 2009).  Another known 

circuit is the Eastern circuit, which includes cities along the eastern region from New York to 

Florida (Friedman, 2005).  This information is derived from national crime statistics based on 

counts of arrests or reported incidents.   
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The movement of victims by traffickers is driven by multiple factors.  Traffickers remain in a 

location for a limited time and move frequently in an attempt to avoid detection from law 

enforcement (Smith et al., 2009).  Frequent movement is also a control mechanism used by 

traffickers to keep victims isolated.  The continuous movement and short durations of stay 

prevent victims from establishing social support systems and limits familiarity with a location 

(Operation Broken Silence, 2012).  A significant factor driving movement is market demand and 

profitability.  Movement trends are profit driven with providers often being moved to areas 

where maximum profits are anticipated.  Providers may also be moved and marketed in locations 

where market prices are higher.  Also, rotating providers in and out of different cities keeps the 

supply stream fresh.  Providers are advertised as being ‘new’ or ‘available for a limited time 

only’ enticing the demand side of the market.   

 

2.3 Technology Facilitated Sex Trafficking   

The affordances of technology are changing the sex trafficking industry, as well as many other 

industries, with many of the activities and practices surrounding sex trafficking moving to the 

virtual environment (boyd et al., 2011; Hughes, 2000; Hughes, 2001; Hughes, 2002; Latonero, 

2011, Latonero, 2012; Operation Broken Silence, 2012; UNODC, 2012).  The digitization of 

information is a significant contributor to the shift of many activities to the virtual environment.  

It allows any form of information to be digitized and sent across the Internet providing a space 

for the convergence of media (Castels, 2009; Hudson, 2006).  The Internet and mobile phones 

are the key technologies being used to advance this criminal market (Latonero, 2012).  Criminal 

networks are exploiting the affordances of the Internet and discovering new avenues for 

conducting traditional criminal activity in virtual environments.   
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2.3.1 Role of the Internet  

There are numerous websites dedicated to this community, such as Myredbook.com, 

TheEroticReview.com, CityVibe.com, and NaughtyReviews.com to name a few.  These sites 

provide Johns with access to profiles, reviews, contact information, advertisement history, 

photos as well as access to other members of the community creating a portal to indulge in this 

activity.  Lee and Lee (2010) state, “communities no longer exist only in the physical world but 

also in the virtual world that operates through the Internet” (p. 712).  There is a spectrum of 

behavior in the virtual environment based on the purpose of a site and community needs.  

According to Lee and Lee (2010), users participate in virtual communities to “garner mutual 

benefits between group members, for example, strengthening social ties, circulating information, 

archiving experiences and exchanging opinions” (p. 713).  Although the behavior of this 

community may be deemed deviant, their online activities are consistent with other communities 

in terms of virtual community development and participation.  Some of the main features of the 

Internet attracting this community include anonymity, user generated content, and multiple 

communication platforms providing an opportunity to connect with like-minded individuals.     

 

An affordance of the Internet is the ability to remain anonymous (Bargh, McKenna, & 

Fitzsimons, 2002; Galanxhi & Nah, 2007; Solove, 2007).  Anonymity allows one to express 

various facets of one’s personality without the fear of reprisal from real-life social circle (Bargh 

et al., 2002).  On one side of the argument, anonymity is seen as a positive opportunity that 

allows people to explore roles and relationships as well as an environment for creative self-

exploration (Galanxhi & Nah, 2007).  The other side of the debate sees the potential negative 

consequences of anonymity.  Anonymity may foster an environment for deviant behavior due to 



34 

 

the lack of accountability for actions.  People are able to dissociate themselves from the deviant 

messages being sent (Donath, 1999).  The ability to dissociate from actions may encourage 

deviant behavior.  This is the outcome being observed with this community.  The ability to 

remain anonymous provides community members with an opportunity to participate in this 

criminal activity at reduced risks.  “The Internet is popular because it gives men greater access to 

pornography, live strip and sex shows, and information about prostitution, while giving them 

more privacy” (Hughes, 2004, p. 7).  

 

The Internet today is an environment of collective knowledge developed by the contributions of 

its users.  With the user generated content afforded by Web 2.0 and the ever growing popularity 

of social networking online the establishment of online communities centered on shared content 

and information exchange continues to capture the interest of users.  Users no longer just 

consume information from the Internet, but they have the ability to produce information 

transforming their role of users from consumers to ‘prosumers.’  Sites such as Wikipedia, 

YouTube, Flickr, Twitter, MyProvider.com, and online classifieds such as Backpage are great 

examples of peer production sites that operate on user generated content.  Community portals 

range in variety of topics and purpose.  This community uses the Internet in multiple ways to 

satisfy their needs.  The supply side is able to produce content to advertise their product via 

online classifieds and create provider profiles.  The demand side produces content in terms of 

provider reviews and shared experiences with other members of the Monger community.     

 

There are multiple communication platforms available on the Internet, which provide users with 

a variety of means to communicate with each other.  Interpersonal needs and communication are 
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a fundamental part of life.  People are naturally inclined to have a desire to belong and to connect 

with others (Pornsakulvanich, et al., 2008).  With emerging technologies and increased access, 

the Internet has developed into an important communication channel connecting people from 

across the globe.  Interpersonal communication is noted as one of the main reasons for using 

computer mediated communication (Pornsakulvanich et al., 2008).  The popularity of computer-

mediated networks for the purpose of meeting interpersonal communication needs has 

contributed to the explosion of virtual communities.  These communities provide an environment 

for the exchange of information between people from all parts of the world.  Communities 

develop around shared interests and for the Monger community the interest is in commercial sex 

activity.   

 

The Internet provides a space for communities of all sorts to participate in social exchange.  The 

idea of narrowcasting supports the formation of niche groups formed around shared ideas, 

hobbies, etc. regardless if the common thread is deviant in nature.  “The Internet is an especially 

effective environment for spawning and supporting communities formed around behaviors that 

are on the extremity of deviance” (Quinn & Forsyth, 2005, p. 198).  People with common 

deviant behaviors are able to seek out other like-minded individuals in an effort to seek support 

without fear of judgment (Durkin et al., 2006).  The ability to connect with other like-minded 

individuals reinforces the deviant behavior as community members are able to identify with one 

another.  Through this exchange the behavior is normalized amongst the group.      
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2.3.2 Community Use of the Internet   

This research is interested in developing a better understanding of sex trafficking in the virtual 

environment.  Some of the unique characteristics of Internet sex trafficking are the use of code 

language, the ability for anyone to post, and the volume of ads available online (Internet based 

human trafficking, 2014).  Code language is often used to disguise the criminal nature of the 

activity being advertised to avoid detection from law enforcement.  The nature of the services 

being advertised may be disguised or a provider’s age maybe falsified to mask the fact she is a 

minor.  However, other codes maybe embedded in ad text or images to notify the demand side 

that the provider is indeed a minor, which is often a key selling point.  The ability for anyone to 

post content on the Internet allows traffickers or pimps to post ads for the women they have 

under their control.  The posting may claim to be an independent sex worker, yet a 

trafficker/pimp is responsible for the posting.  Also, the volume of ads posted on these sites make 

content monitoring a challenge.  Various online classified websites screen ad content for illegal 

activity, but the volume of ads posted each day make it difficult to monitor effectively.   

 

As previously stated this research is focused on the advertising and searching activities of this 

market in the virtual environment.  This is based on two of the 15 facets of technology facilitated 

trafficking identified by boyd et.al (2011), Advertising and Selling of Victims and Searching for 

and Purchasing Victims by “Johns.”  This allowed for the behaviors of both sides of the market 

to be better understood.  On the supply side, the advertising and selling process shifts from the 

street to the virtual domain with technology being used to extend sex trafficking activity  out of 

large cities into rural and remote areas (Operation Broken Silence, 2012).  On the demand side, 

the searching process has also shifted from the streets to the virtual domain allowing Johns to 



37 

 

discretely browse providers’ advertisements.  This study examined the Hobbyist or Monger 

community’s searching activities to better understand the ways in which this deviant community 

uses the Internet to find the product of choice.  

 

Supply Side – On the supply side, traffickers promote and provide a product via the Internet.  

The Internet is a powerful communication tool sex traffickers have adopted to advertise and sell 

their victims.  Hughes (2003) explains, “although prostitution is illegal in all states with the 

exception of several counties in Nevada, pimps/traffickers depend on advertising to the public to 

attract men and make money.  Most of the illegal sex industries in the U.S. publicly advertise 

their criminal activity” (p. 8).  There are numerous sites that host advertisements for adult 

services, some of which are potentially linked to human trafficking.  Traffickers use online 

classifieds to advertise the sale of women and/or children for the purposes of sexual exploitation.  

Traffickers are no longer bound by geographic limitations.  They are able to expand their scope 

of activity through the use of the Internet.  Online classifieds provide an optimal means of 

advertising that is capable of reaching a large customer base regardless of geographic location.  

In March 2011 alone, 22 online classified sites tracked 6.1 million unique visits (Whitaker, 

2012).  As this trend develops, cases of sex trafficking have been observed far beyond major 

cities and are reaching into remote locations (Operation Broken Silence, 2012).  The sex 

trafficking industry is based on supply and demand.   Traffickers have a product to supply to a 

market with a growing demand.   Ads are often placed in locations prior to arrival for pre-

scheduling of appointments to ensure travel to these locations is profitable.   
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There are multiple factors motivating the shift of sex trafficking activity to the virtual 

environment.  A significant factor is the power of the Internet to reach such a large and diverse 

audience as well as the ability to be unbound by space or time (Castells, 2009).  Traffickers are 

able to advertise to their target population via websites designed for this community.  The 

Internet provides a media rich environment that is able to reach a large customer base at a much 

lower cost than other forms of advertisement (Hughes, 2000).  The lower cost is two-fold in 

terms of both economic savings and risk of being detected by law enforcement that have not yet 

developed sophisticated methods to identify trafficking online (boyd et al., 2011).  The use of the 

Internet provides an environment to conduct criminal activity discreetly (out of the public eye).  

Activity is hidden on the Internet and spread throughout various forums and sites; some sites are 

member only community based sites, but many use mainstream sites (Wang et.al, 2012).  

 

Demand Side – On the demand side, Johns use the Internet to search for providers, share 

information about providers, share experiences, and provide warnings about potential law 

enforcement (Hughes, 2000; Hughes, 2001; Operation Broken Silence, 2012).  There are many 

sites used by the Monger community to include international sex tourism sites, john boards, 

provider review sites, and online classified sites.  Johns are able to share experiences with other 

community members by accessing these sites.  John boards in particular are open forums for 

Johns to discuss their fantasies and experiences with various providers.  They also write provider 

reviews and make recommendations to other Johns.  More experienced members mentor newer 

members to the forum (Hughes, 2004).  They provide information on terminology, protocol, and 

tips for avoiding law enforcement.  Searching for providers is a key activity Johns do online in 

order to reduce the risk of being discovered.  The Internet provides a virtual catalog of women 
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allowing Johns discreet access to an abundance of advertisements and reviews to assist in the 

purchasing of a provider that fits their preference.  Johns are able to browse through provider 

profiles in order to gain information about performance reviews and services provided.  This 

grants Johns anonymous access to a far greater number of providers than possible offline.  boyd 

et al. (2011) report searching online allows Johns to “remain invisible to law enforcement who 

have not yet developed sophisticated digital operations” (p. 6).  The top five sites (based on 

unique visits) used by this community to search for providers are Backpage, 

TheEroticReview.com, CityVibe.com, MyRedbook.com, and Eros.com (Whitaker, 2013). 

 

Several factors motivate the use of online technologies by Johns.  First, the Internet provides a 

more discreet way for Johns to participate in this activity.  Anonymity and reduced exposure 

online presents a lower risk than the physical environment (i.e. streets, massage parlors, brothels, 

etc.).  The ability to find providers and coordinate services without physically exposing oneself 

reduces the risk of being detected by law enforcement and avoids jeopardizing one’s reputation.  

Another factor is the convenience of the Internet.  Johns have unlimited access to a catalogue of 

women with photos, services provided, and reviews on performance.  The ability to connect with 

other like-minded individuals is another motivation for using the Internet.  Members of the 

Monger community are able to interact with one another in ways they may not feel comfortable 

doing off-line.   

 

2.3.3 Mobile Phones and Significance of Phone Numbers   

Mobile cellular phone uptake has exploded globally with the penetration rate approaching 100% 

as the number of subscriptions nearly equals the global population (Sanou, 2014).  ITU figures 
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estimate the number of mobile cellular phone subscriptions globally will reach about 7 billion by 

the end of 2014 with mobile broadband subscriptions at 2.3 billion globally (see Figure 6 below).  

 

 

Figure 6. Active mobile-cellular phone subscriptions worldwide, 2005-2013 (Sanou, 2014). 

 

Mobile phones provide ubiquitous wireless connectivity to the Internet allowing freedom of 

movement and a link between the virtual and physical environments connecting clients to the 

product.  Criminal networks rely primarily on cellular phone communication for operational and 

coordination purposes.  Criminal networks are able to run their complete operation using a 

mobile phone which allows activities such as profile setup and advertisements with photos 

and/or video, monitoring and reposting of advertisements, responding to client contact via voice 

or email, and credit card payment collection via services such as Four Square.  Numerous mobile 

applications have also been developed to facilitate these activities such as the Backpage 

application for mobile devices.  Prepaid mobile phones are the preferred device used by criminal 

networks as they provide a sense of anonymity.  Prepaid mobiles do not require a service 

contract making it difficult to link them to a specific individual.  
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The advertised phone number is a significant element in observing movement for several 

reasons.  The phone number is the link to the provider enabling the John to make contact and 

schedule services.  The phone provides a means of connecting the online persona with the person 

providing the service bridging the virtual and the physical environments.  Phone numbers also 

provide data on movement.  The area code provides information on the origin of the phone, 

which may indicate where the provider or trafficker is from (Operation Broken Silence, 2012).  

Also, if the advertised location is different from the location of the area code it would indicate 

movement occurred between those two locations.  Phone numbers are embedded in the online 

classifieds as providers are advertised along circuits.  These ads can be accessed using a phone 

number search, which will access advertisement history.  Advertisement history provides 

information on other advertised locations.  Documenting the string of cities a person has been 

advertised in provides data on the individual’s circuit.  Advertised phone numbers are also linked 

to providers’ reputations and product branding through customer reviews.  Phone numbers are 

used as a search term on provider review sites to access advertisement history, reviews, current 

location advertised, etc.  On many of these sites, the search term is restricted to a phone number.  

In advertisements, providers often refer to their phone number as a search term to be used to 

access their reviews and indicate if their number has recently changed.  Below is an example of a 

provider review sites linking provider reviews to phone numbers (See Figure 7). 
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Figure 7. Screenshot of Escort Reviews Based on Phone Number Search Term. 

 

2.3.4 Current research 

Cyber-sex trafficking is a growing trend being used by organized criminal networks to further 

expand the scope of their activity and exploit victims.  Cyber-sex trafficking allows pimps to 

maximize profits at a reduced risk of being caught by removing themselves from the crime 

(Latonero, 2011; U.S. Department of State, 2012).  Research into cyber-sex trafficking is 

increasing, but much work is needed to understand the scope of the issue.  Currently, there is 

little research into the role of technology in human trafficking (boyd et. al, 2011; Latonero, 

2011).  However, this area of research is gaining momentum.  Human trafficking is a complex 

issue involving a broad range of activities.  In order to assist researchers interested in exploring 

this activity boyd et al. (2012) developed a framework for understanding the role of technology 

in the overarching ‘ecosystem’ of human trafficking.  The framework identified 15 key facets of 

human trafficking being reshaped by technology (boyd et al., 2012, p. 3):  
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1) Prevention and Education 

2) Recruitment and Abduction of Victims 

3) Transit, Housing, and Everyday Control of Victims by “Pimps” 

4) Retention of Victims by “Pimps” 

5) Advertising and Selling of Victims 

6) Searching for and Purchasing Victims by “Johns” 

7) Money Exchange, Money Laundering 

8) Underground Partnerships and Organized Crime Syndicates 

9) Identification and Reporting of Victims and Perpetrators 

10) Investigation of Illegal Activities 

11) Rehabilitation and Recovery for Survivors 

12) Prosecution of Perpetrators 

13) Rehabilitation for and Control of Perpetrators 

14) Political and Policy Activities 

15) Anti-Trafficking Partnerships  

This framework was developed as part of a supplemental document to a 2011 Request for 

Research Proposals solicited by Microsoft Research and the Microsoft Digital Crimes Unit 

(DCU).  The intent was to fund six research projects examining the role of technology in human 

trafficking.  Primarily, they were interested in research questions relating to the commercial 

aspects of the ecosystem dealing with the Advertising and Selling of Victims; and Searching for 

and Purchasing Victims by “Johns” (The Role of Technology in Human Trafficking—RFP, 

2013).  The six winning awards addressed topics such as: 

 research on how networked technologies, including the Internet, mobile phones, and 
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social media, are used by “johns” to procure children for sexual purposes 

 the role of technology in the recruiting, buying, and selling of victims in the sex 

trafficking industry 

 a comprehensive assessment of judicial opinions on child sex trafficking issued over the 

last 10 years 

 technology’s role in facilitating child sex trafficking and understanding the benefits and 

obstacles for law enforcement 

 how law enforcement takes advantage of the benefits—and overcomes the obstacles—of 

using technology to combat the trafficking of children for commercial sexual exploitation 

 identifying the clandestine language that is used in web advertising of child sex 

trafficking, and conceptualizing intelligent software to identify such online 

advertisements 

 

The Center on Communication Leadership & Policy at the University of Southern California has 

been working on the Technology & Trafficking project since 2010.  They have released two 

reports on the issue of technology facilitated human trafficking.  The first report discussed the 

role of social network sites and online classifieds in human trafficking (Latonero, 2011).  The 

second report focused on the role of mobile devices and the growing trend of technology 

facilitated trafficking (Latonero, 2012).  These reports provide an overview of technology 

facilitated human trafficking, current research into this field, and serves as a great starting point 

for researchers interested in this area of research.  The 2011 report highlighted the prominence of 

human trafficking activity shifting to the virtual environment and the various types of sites this 

activity has been observed in.  They found that traffickers are using the Internet to facilitate 
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various aspects of their illegal operations.  Traffickers use online classified sites to advertise their 

product because it allows traffickers to reach a broad customer base at a low risk.  However, 

deciphering between advertisements for trafficked victims and sex workers may be difficult as it 

is not always clear and often intended to be deceptive in nature.  Metrics for determining and 

categorizing ads as high risk for potential involvement in trafficking are needed.   

 

Social network sites are used for both advertisement and recruitment of victims into the sex 

trade.  In the 2011 USC study, they analyzed both online classifieds and a social network site.  

The initial study examined the temporal elements of online markets.  They analyzed ad volumes 

surrounding a major sporting event and found a significant flux in advertisements during this 

period.  These findings are consistent with known trafficking trends based on crime statistics.  

The Super Bowl has been documented as a prominent event linked to trafficking.  They used text 

analysis to analyze Twitter as a platform for trafficking.  They collected posts containing the 

word ‘escort’ and analyzed for further indicators of trafficking.  In the 2012 report, they focused 

on the use of mobile phones by traffickers.  They analyzed phone numbers obtained in online ads 

to discover the various websites the individual has been advertised on, area code origins, and 

phone carrier information.   

 

The center also conducted multiple research projects on trafficking online to determine if online 

tools and methods could be used to narrow the pool of advertisements requiring further 

investigation by law enforcement to determine potential sex trafficking.  These methods 

produced positive outcomes for narrowing the pool of ads categorized as high risk for trafficking 

activity, but online methods alone are not capable of identifying trafficking cases with any 
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certainty.  A combination of technological solutions coupled with human experts is 

recommended with technological tools being used to narrow cases needing review and 

confirmation by human experts.  These reports echo that of previous research into this area 

stating there is need for empirical research and consistent methods to accurately capture the 

scope of this issue.  Both reports highlight the lack of data on human trafficking and the need for 

more accurate measures of trafficking especially in terms of the virtual sex markets particularly 

the role technology plays in the sex trade.  This type of research will shed light on the global 

problem of trafficking and provide clarity to the current debate that is often fueled by 

inconsistent and highly variable statistics on this issue.   

 

Other studies related to cyber-sex trafficking that have focused on the role of online classifieds 

and the marketing aspects of human trafficking include analysis of ad volume and content of 

indicators of trafficking, development of an indicator matrix to flag potential trafficking ads, and 

an attempt to detect movement patterns.  Operation Broken Silence, a non-profit organization 

that advocates against mass atrocities and modern day slavery, conducted several reviews of 

Backpage online classifieds in locations such as Memphis, Cleveland, and Nashville.  The intent 

was to provide an analysis of the online commercial sex industry in those locations to better 

understand the scope of the sex trade and the supply of sex workers.  Backpage is an online 

classified site that hosts advertisements for a myriad of products.  Online classified ads for escort 

services on the Backpage site were audited for the study.  Items such as age, cost, location, 

phone numbers, names, etc. were collected to gauge the scope of the issue.  Ads were also 

reviewed for clues indicating if the individual being advertised was a minor.   
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Another study of the online sex market was conducted by researchers at Arizona State 

University.  They analyzed Backpage ads for indicators of sex trafficking across five US cities 

during a 12-hour timeframe.  The intent was to gain an understanding of the online sex market 

and identify potential victims of sex trafficking.  The study was a collaborative effort between 

researchers at the university and local law enforcement.  With the assistance of local law 

enforcement they developed the Trafficking Identification Matrix and the Potential Trafficked 

Minor Matrix to identify potential victims (Roe-Sepowitz, Gallagher, Martin, Snyder, Hickle, & 

Smith, 2012).  Using these matrices, they found 21% of the ads analyzed were potential victims 

of trafficking and of those 29% were potential minors.  The identified cases were provided to 

local law enforcement to further pursue.   

 

Kennedy (2012) also did an analysis on the use of online classified ads and potential sex 

trafficking.  Her intent was to identify patterns in data available in online advertisements in an 

effort to track movement of similar posts based on text analysis.  She used content analysis 

methods to identify underage providers, shared management, and posts appearing across 

geographical locations.  Her attempt to detect movement patterns was based on the analysis of 

advertisement content with the assumption that common phrases used across ads in multiple 

geographic locations were posted by the same trafficker or provider.  The current study expands 

upon these studies and uses a different methodological approach to identify movement trends 

based on advertisement history.  

 

Due to the volume of ads posted on the various websites hosting online advertisements for adult 

services, law enforcement personnel do not have the resources to manually address online 
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markets.  It is important to develop an automated process to assist law enforcement in narrowing 

down the pool of ads needing further investigation.  A research team from the University of 

Southern California is working to develop an automated system for law enforcement that 

integrates data from various sites across the web (Wang et al., 2012).  The intent is to extract 

data from various online classifieds and John boards in order to identify potential cases of 

domestic minor sex trafficking.  The ‘TrafficBot’ system they are developing will extract data 

from advertisements from various sites such as name, location, and phone number and 

warehouse it in a database that can be queried by law enforcement.  The system is intended to 

provide an automated process to classify and predict advertisements of minors and provide law 

enforcement with additional information on the individual based on data extracted from the 

online postings.    

 

2.4 Covert Networks   

Human trafficking is classified as a transnational organized crime.  Organized criminal groups 

form networks providing the infrastructure for this activity to occur and be profitable.  An 

organized criminal group is defined as: 

A structured group of three or more persons existing for a period of time and acting in 

concert with the aim of committing one or more serious crimes or offences established in 

accordance with the Convention, in order to obtain, directly, or indirectly, a financial or 

other material benefit (Kangaspunta, 2006, p. 5).  

On a federal level, the Racketeer Influenced and Corrupt Organizations Act (RICO Act), enacted 

in 1970, provides criminal penalties for organized criminal activity.  “RICO provides powerful 

criminal penalties for persons who engage in a ‘pattern of racketeering activity’ or ‘collection of 
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an unlawful debt’ and who have a specified relationship to an ‘enterprise’ that affects interstate 

or foreign commerce” (Marine & Mulkern, 2007, p 1).  A ‘pattern’ is defined as two or more 

instances of racketeering activity, which include violations of various state or federal laws 

outlined in the RICO Act.  The Trafficking Victim Protection Reauthorization Act (TVPRA) 

identifies trafficking in persons as a ‘racketeering activity.’  This makes it important to develop 

tools and techniques to identify patterns in activity of this covert criminal network using data 

accessible through tracking online activity.  SNA allows relational patterns of activity between 

nodes to be observed.  Researchers define what patterns they are interested in depending on the 

research question of interest.  In terms of criminal networks, the observation of patterns in 

activity can lend to the identification of a more sophisticated organized criminal operation 

occurring and not an isolated criminal event.   

 

Due to the criminal nature of this activity covert networks form in order to facilitate operations 

and elude law enforcement.  Covert network structures form loose non-hierarchical structures 

that tend to be more cellular, distributive, adaptable, and dynamic (Carley, 2003; Carley, 2004; 

Diesner & Carley, 2004; Kalm, 2013; Klerks, 2001; Krebs, 2001; Xu & Chen, 2005; Xu, 

Marshall, Kaza, & Chen, 2004).  These networks are opportunistic and fluid making them 

dynamic in nature.  The fluidity of the network allows for improvisations in structure to occur.  

Klerks (2001) explains the dynamic nature of criminal networks especially in the drug trade, 

“allows for relatively small operators to expand like a comet on the basis of a few successful 

drug imports and become criminal top dogs almost overnight” (p. 56).  It is crucial to identify 

network structures and patterns of activity in order to destabilize these types of networks.  

Patterns of activity may include identifying highly connected nodes using centrality measures to 
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identify the most prominent actors in the network allowing those actors to be targeted to disrupt 

network activity.  

 

2.4.1 Cybercriminal Networks 

Kalm (2013) identified four types of covert networks conducting illicit activities in the virtual 

environment: traditional criminal organizations, cybercriminal organizations, ideologically 

motivated organizations, and state sponsored organizations.  Sex trafficking networks would be 

characterized as traditional criminal organizations.  Traditional criminal organizations activities 

are market-driven and focused on profit generation.  Due to this, they have to interact with 

outside members willing to purchase products or services (the demand side of the market).  

These criminal networks have increasingly been exploiting technology to extend their networks 

by incorporating technology-enabled crimes to their activity.  The Internet has opened a new 

marketplace for illicit activity (Choo & Smith, 2008).  In a study conducted by BAE, they found 

that organized criminal networks, including ‘hybrid’ groups that carry-on operations both on and 

offline, accounted for 80 percent of cybercrime (Organised crime in the digital age, 2012).    

 

A distinct feature of covert networks is the consistent need to balance secrecy with efficiency  

(Baccara and Bar-Isaac, 2006; Baker & Faulkner, 1993; Kalm, 2013; Lindelauf, et al., 2009; 

McCormick & Owen, 2000; Morselli, et al., 2007).  These networks constantly have to balance 

the need to communicate externally with members on the other side of the market while 

maintaining a level of discretion about their illicit nature in order to avoid detection by law 

enforcement.  As these criminal networks continue to expand their online presence their 

activities become more exposed.  Of interest to the current study is the analysis of advertising 



51 

 

and searching activities of this community.  Sex trafficking networks are using the Internet for 

advertising and product branding.  Online classifieds are used to advertise providers and escort 

review sites are used to establish trust in the market via client reviews of services as well as to 

validate legitimacy of the product.  Virtual reputations are developed in these online spaces and 

product branding established as the provider is marketed across the nation.   

 

Criminal network data is often deceptive; information may be intentionally misleading, 

inaccurate, out-of-date, and incomplete (Carley, 2003; Klerks, 2001; Sparrow, 1991; Xu & Chen, 

2005).  This makes studying covert networks challenging.  However, as human trafficking 

activity increasingly shifts to the virtual environment it becomes more visible (boyd et al., 2011).  

The Internet provides users with a sense of anonymity, which makes participation in this illicit 

activity feel more discreet online than offline.  This false sense of security creates a space for this 

activity to flourish.  The community uses the Internet as a communication channel providing 

access to the product and to other members of the community.  They participate in information 

seeking and sharing activities with other community members in open forums.  Using the 

Internet as their communication platform creates an archive of information exchange.  When 

online data is collected from multiple data sources and integrated the information obtained may 

provide a much larger picture of these covert networks not previously available.  The key is to 

identify which sites and information are useful in detecting sex trafficking and how that 

information can be used to disrupt this activity. 

 

Sparrow (1991) argued for the use of social network analysis (SNA) as an effective method to 

exploit criminal data citing its ability to highlight network vulnerabilities and transform raw data 
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into intelligence.  SNA techniques can be used to process large volumes of data to detect hidden 

structures and patterns of criminal networks.  The use of and research into SNA has primarily 

focused on positive networks and avoided dark networks (Klerks, 2001; Raab & Milward, 2003). 

It was not until the early 1990s that academics began to apply these skills to studying covert 

networks.  Using SNA methods to exploit criminal data has the potential to make covert activity 

more visible.  SNA enables analysts to identify the network structure and key players as well as 

criminal contact brokers who have important roles, but appear to hold minor positions (Klerks, 

2001).  Brokers are instrumental in the cohesion and expansion of covert networks, but they 

appear to have minor roles because they do not have high centrality measures (Mainas, 2009; 

Morseli & Roy, 2008).  The use of SNA can lead to a more proactive role by law enforcement 

and analysts in terms of establishing priorities in resource allocation. 

 

2.5 Social Network Analysis 

Castells (2006) describes the current state of society as the Network Society that is facilitated by 

ICTs:  

Because the network society is based on networks, and communication networks 

transcend boundaries, the network society is global, it is based on global networks. So, it 

is pervasive throughout the planet, its logic transforms extends to every country in the 

planet, as it is diffused by the power embedded in global networks of capital, goods, 

services, labor, communication, information, science, and technology. So, what we call 

globalization is another way to refer to the network society (p. 4). 

Networks are an old form of organization.  Historically, networks are natural social structures for 

humans (Castells, 2000; Castells, 2006; Castells, 2009).  Networks are more flexible, adaptable, 
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and have the ability to evolve with its environment.  The downfall is coordination which is more 

difficult in network structures versus hierarchical structures.  However, new ICTs provide the 

technological infrastructure for a network society.   The advances in ICTs provide a means to 

maintain coordination of networks spread across space and time while permitting the flexibility 

and adaptability of these networks.  Due to the increased ‘connectedness’ of society there has 

been growing interest in network science and SNA methods for studying various phenomena.   

 

Newman (2009) explains, “scientists in a wide variety of fields have, over the years, developed 

an extensive set of tools – mathematical, computational, and statistical—for analyzing, 

modeling, and understanding networks” (p. 11).  The most basic definition of a network is any 

collection of points or objects connected by lines (Easley & Kleinberg, 2010; Newman, 2009).  

Due to the flexibility of this definition it can be used to describe a variety of relationships or 

connections thus networks are present in a multitude of different domains.  Basic terminology 

used to describe networks includes vertices or nodes, which refer to the points or actors within a 

network (Newman, 2009).  Nodes can represent a wide array of things to include people, places, 

organizations, events, objects, etc.  The lines connecting the points are referred to as ties, edges, 

or links representing a relationship between nodes.  Edges can represent a variety of different 

relations defined by the researcher and questions being answered.  

 

Network analysis is suitable for analyzing relational data as it is concerned with relations 

between actors versus individual attributes as individuals are embedded in social relations 

(Borgatti, Mehra, Brass, Labianca, 2009; Knocke & Yang, 2008; Raab & Milward, 2003; Scott, 

2000).  The network perspective emphasizes structural relations; actions are not evaluated in 
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isolation, but within the context of the network.  SNA provides a conceptual framework and 

tools for understanding networks, which provide a representation of structural interactions 

amongst parts of a system (Mainas, 2009; Newman, 2009).  Some of the basic assumptions of 

social network analysis include: actors and actions are interdependent with other actors in a 

network, various resources are transferred or flow across network channels or ties, patterns 

among the various ties in a network create the network structure, and social networks are 

dynamic structures that evolve overtime (Everton, 2008; Knoke & Yang 2007; Wasserman & 

Faust 1994).  The use of SNA methods and tools has gained popularity in the modern network 

society.  It was developed in the field of Sociology as both a paradigm and an empirical tool, but 

has since experienced significant growth and transcended disciplinary boundaries (Knocke & 

Yang, 2008; Newman, 2009; Raab & Milward, 2003).  SNA provides both a visual and a 

mathematical analysis of relations among nodes. 

 

2.5.1 SNA Applied to Covert Networks 

The discovery of the dynamic nature of organized crime groups calls for new approaches to 

understanding and dealing with covert networks (Carley, 2003; Carley, 2004; Diesner & Carley, 

2004; Klerks, 2001; Krebs, 2001; Xu & Chen, 2005; Xu, et al., 2004).  SNA is increasingly 

being used across various scientific disciplines to understand networks.  Xu & Chen (2005) state, 

“because Social Network Analysis (SNA) techniques are designed to discover patterns of 

interaction between social actors in social networks, they are especially appropriate for studying 

criminal networks” (p. 8).  SNA provides a framework, method and tools to conduct 

sophisticated network analysis to empirically measure and visualize diverse networks to include 

dark networks (Mainas, 2013).   
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Sparrow (1991) argued for the use of network analysis to study covert/criminal networks. 

Analyzing covert networks from this perspective provides criminal analysts with tools and 

methods to identify vulnerabilities in a network in order to disrupt criminal activity.  Much of the 

questions intelligence analysts need answered can be addressed using network analysis and graph 

theory.  The raw data collected on these covert activities can be exploited to produce meaningful 

intelligence on criminal networks.  He describes the characteristics of criminal networks and how 

they differ from other types of networks.  Key features of criminal networks are the inevitability 

of incomplete data, unclear or fuzzy boundaries, and the dynamic nature of criminal networks. 

Relevant social network analysis concepts include centrality, equivalence, and weak ties. 

Analyzing these metrics can provide insight on key roles, communication links, and supply flow. 

 

Xu and Chen (2005) discuss the use of social network analysis techniques for criminal analysis.   

Criminal network analysis has been applied to the investigation of organized crime.  Organized 

crime activity is different from other forms of crime due to the involvement of multiple 

collaborating agents.  Criminal network analysis requires the ability to integrate information 

from multiple events and sources allowing analysts to discover regular patterns about criminal 

networks.  SNA allows analysts to observe hidden structures and patterns in covert networks by 

processing large amounts of association data from various data sources.  They argue SNA is an 

appropriate method to study criminal networks because it is designed to detect patterns of 

interaction between agents in networks.  SNA has the potential to make covert activity more 

visible.  Metrics such as block modeling and centrality are relevant measures for identifying 

critical agents or links in a network.  This information can be used to expose vulnerabilities in 

criminal networks.   Implementation of this method would provide law enforcement with the 
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opportunity to take a more proactive approach by allowing them to appropriately allocate 

resources and implement intervention strategies. 

 

Xu et al. (2013) proposed the use of social network analysis methods in analyzing criminal 

organizations and describing evolutionary processes of these networks.  The intent of the study 

was to investigate the potential of using SNA measures to capture the dynamics of criminal 

networks.  Specific measures include centrality for individual level analysis and density, 

cohesion, and stability for group level analysis.  The researchers point out the lack of research on 

criminal network analysis, especially dynamic network analysis.  They also state there is a need 

to identify appropriate techniques and methods for capturing the dynamic nature of criminal 

networks in order to develop strategies to disrupt these networks.  A field study on a narcotics 

trafficking network was conducted in partnership with domain experts.  Law enforcement 

officials provided criminal data to test methods and then provided expertise to validate study 

findings.  They found SNA methods to be an effective way to identify network structure, 

interaction patterns, central actors, and information flow.  

 

Johnson, Reitzel, Norwood, McCoy, Cummings, & Tate (2013) conducted research on the 

feasibility of implementing SNA on precinct-level criminal analysis methodologies.  The goals 

were to assess the effectiveness of SNA in solving prevalent crimes and to assess the practicality 

of training analysts to incorporate SNA in crime analysis.  Data on gang activity was analyzed to 

determine what triggered violence between two previously neutral groups and to identify 

prevention strategies using a network approach.  Researchers used SNA tools to create a 

visualization of the network structure.  This allowed researchers to identify critical elements in 
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the network that were triggering tension among the groups.  This research demonstrated the 

value of SNA methods in criminal analysis. 

 

Cockbain, Brayley, & Laycock (2011) argue for the use of social network analysis methods in 

the investigation of domestic minor trafficking.  They conducted a case study on two police 

investigations linked to domestic minor sex trafficking.  Data mining and data integration were 

used to collect data on these networks.  SNA methods were used to construct and analyze both 

offender and victim networks.  Although it was a small case study, it provided keen insight on 

the inner workings of this type of network.  Centrality metrics provide information on how 

influential entities are and how power is distributed throughout the network.  The use of this 

method enabled a more systematic use of information allowing law enforcement to more 

effectively investigate crimes and allocate resources.  Adopting this methodology shifts policing 

efforts from a reactive to a proactive position by guiding investigative strategies and identifying 

vulnerabilities for disruption.  

 

2.5.2 Geospatial Data for Visualization   

A main goal of this study is to identify movement patterns of potential sex trafficking activity 

within the U.S. in order to identify prominent hubs and circuits based on advertisements in 

online markets.  Geospatial data was incorporated into the data analysis to overlay the network 

over physical locations across the U.S.  The incorporation of geospatial data allowed circuits to 

be visualized within the physical space they occur, thus nodes were be positioned according to 

the physical locale of advertised activity.  This analysis provided information on sex trafficking 

‘hotspots’ across the country.  Hotspots are areas with high crime density (Chainey, Tompson, & 
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Uhlig, 2008; Eck, Chainey, Cameron, & Wilson, 2005).  Crime is not evenly distributed across a 

map; it is concentrated in some areas and absent in others.  Law enforcement use information on 

criminal hotspots to allocate resources in an effort to reduce and deter crime. 

 

2.6 Summary 

Both legitimate and illegitimate markets flourish in the network society by capitalizing on 

technological innovations and the ability to organize at a global scale with organized crime 

networks spanning the globe.  Because criminal networks are using the Internet to expand their 

markets, traces of their activity are archived throughout the Internet.  Collecting data from 

various sites across the web provides a much larger picture than previously possible.  Analyzing 

this data with SNA techniques provides the ability to capture the hidden structures and patterns 

of criminal networks in order to expose covert activity.  The ability to observe covert network 

activity using network analysis methods can be used to identify vulnerabilities in the network to 

disrupt activity.  The identification of hubs is of particular interest in terms of developing 

intervention strategies (Celebi, 2008; Mainas, 2009).    

 

It is important that SNA research and application be expanded to the understanding of dark or 

covert networks rather than remaining focused on positive or bright networks.  As the literature 

review illustrates, SNA is beneficial to the study of covert networks.  Klerks (2001) argued 

network theory is useful in studying organized crime.  He states the paradigm of organized crime 

as social networks has become widely accepted.  The shift in the understanding of criminal 

networks comes from observations of these networks as adaptable, fluid, ad hoc coalitions that 

are opportunistic and flexible.  SNA provides a systematic approach to dealing with large 
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amounts of data on people and ties.  Advances in technological SNA tools allow crime analysts 

to exploit criminal data in ways not previously possible leading to improvements in crime 

prevention strategies (Johnson et al., 2013).  SNA allows for systematic analysis and exploration 

of covert networks, providing insights into network structures and patterns. 
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Chapter 3.  Methods 

This study examined the socio-technical system of ICT-embedded sex trafficking to understand 

how a certain segment of society is using the Internet to extend organized criminal network 

activity.  Online escort advertisements were analyzed to observe the types of data available in 

these ads and to identify patterns of activity that could potentially be used to identify criminal 

networks.  This chapter provides an overview of the study design followed by a description of 

the procedures.    

 

3.1 Pilot Study 

A pilot study was conducted during January – February 2013 (See Appendix A).  The intent of 

the study was to test methods for examining online adult service advertisements for indicators of 

trafficking and map movement trends.  Online advertisements for adult services from Backpage 

Hawai‘i were collected from January 09, 2013 through February 12, 2013.  Due to ad volume, 

ads were collected in one-week increments every other week during the six-week study period, 

capturing three weeks of data.  The pilot study was built on advertisements posted in Hawai‘i, 

thus only included data on persons who appeared in Hawai‘i during the study period.  Movement 

trends of potential sex trafficked victims were observed in the data.  Hub locations and 

prominent circuits were also identified.  The current study expanded on the initial pilot study by 

incorporating multiple starting points for data collection.  Multiple starting points may present 

different regional trends and provide insight to a larger more complex network.  This study also 

examined provider networks, which was not included in the pilot study.  
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3.2 Study Design 

This exploratory study focused on identifying patterns in domestic sex trafficking using publicly 

available online information.  Observations relating to the identification of potential victims, 

provider networks, and circuits were the focal point of the analysis.  A mixed methods approach 

was used to capture and analyze data.  The data sample was collected from open internet sources 

using web crawling software.  The data used to address the research questions were derived from 

online advertisement and searching activities of this community.  In order to capture data on 

advertisement activity, online classified ads for escort services were collected and analyzed.  

Online classifieds are used by both sides of the market.  The supply side uses online classifieds 

as a means to advertise the product, while the demand side uses online classifieds to search for 

providers.  In addition to online classifieds, searching activity occurs on escort review sites.  

These sites provide additional information on providers in order for Johns to make informed 

decisions on their purchase.  The following paragraphs will describe how each research question 

was addressed (See Table 1). 

Table 1. Research questions, data, and analysis. 

Research    

Question                

 Formul

a  

No

te  
 

Data Used Analysis Level Analysis Measure 

RQ 1.1 Identifying 

potential sex 

trafficked  victims 

Backpage Ad Content 

Online Indicator 

Codebook 

Content 

Analysis 

Online Escort 

Advertisement 

Frequency Distribution 

Indicator Type 

RQ 1.2 Identifying 

Provider 

Networks 

Backpage Ad Content 

Shared Management 

Indicators 

SNA Provider Provider Network 

RQ 1.3 Identifying 

Movement Trends 

Advertisement History  

Phone Number 

GIS – Lat/Lon 

SNA 

 

Geospatial 

Analysis 

Phone Number Hubs – Degree  

Circuits – Edge weight 

Critical Point – 

Centrality 
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Identification of Potential Victims – To identify potential victims of sex trafficking, online 

escort ads were analyzed for indicators of sex trafficking.  Ads were analyzed for the presence of 

online sex trafficking indicators using an index developed by the author after an initial study of 

Backpage escort advertisements (Ibanez and Suthers, 2014).  The indicators used in the index 

were derived from a larger list of sex trafficking and domestic minor sex trafficking indicators 

produced by the United Nations Office on Drugs and Crime (2012b) and the Polaris Project 

(2012).  The indicators were filtered based on observability in online advertisements.  Primary 

indicators include: movement, shared management, restricted movement, third party posting, 

advertised ethnicity, potential commercial front (see Table 2).  A codebook was developed to 

provide a further description of the online indicators used in this study (see Appendix B).  

 

Table 2. Primary Online Indicators. 

Primary Online Indicators Indicator in Physical Environment (Polaris Project, 2014; 

UNODC, 2012) 

1. Movement 

 

Move from one brothel to the next or work in various locations 

 

Frequent movement – Claims of “just visiting” and inability to 

clarify addresses 

2. Shared Management 

 

Travel in groups with persons who are not relatives 

 

There is evidence that groups of women are under the control 

of others. 

 

Live or travel in a group, sometimes with other women who do 

not speak the same language 

3. Controlled/ Restricted Movement 

 

Be unable to leave their work environment 

 

Show signs that their movements are being controlled 

4. Ad Posted by Third Party  

 

Is in the commercial sex industry and has a pimp / manager 

5. Advertised Ethnicity/ Nationality Come from a place known to be a source of human trafficking 

 

Advertisements are placed offering the services of women of a 

particular ethnicity or nationality 

6. Advertisement for potential 

commercial front brothel 

Be found in or connected to a type of location likely to be used 

for exploiting people 

 

Advertisements are placed for brothels or similar places 
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Identification of provider networks – Factors related to the shared management indicators 

were used to identify provider networks.  These factors include: shared advertisement, shared 

phone number, and shared post ID (see Appendix B for additional explanations).  The data was 

used to create a provider-by-provider matrix.  Network analysis methods were used to construct 

and visualize provider networks.  Each node represented a provider and each edge represented 

the presence of a shared management indicator.  

 

Identification of movement trends – Circuits were identified using the advertisement history 

linked to a phone number.  Phone numbers extracted from the ads were used for a second level 

data collection.  Phone numbers serve as a proxy for an agent in the network.  An agent can be a 

provider or a trafficker.  This level of detail is difficult to determine based on advertisements 

alone.  However, providers’ virtual reputations are linked to their phone number through online 

customer reviews.  The advertisement history provided data on the other locations a provider was 

advertised in.  The other advertised locations provide data on individual level circuits.  Using this 

data a provider-by-location matrix was created.  Network analysis methods were used to identify 

prominent hubs and circuits.  

 

3.3 Data 

This study was interested in identifying potential cases of sex trafficking, the use of known hub 

sites to capture the sample provided a lens to observe this activity.  The selection of hub sites 

was two-fold.  First, a hub website for online advertisement activity was selected (i.e. Backpage).  

Then, the geographical hub locations were identified (i.e. Honolulu).  McClain and Garrity 
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(2011) define destination or hub cities as areas with the greatest demand, typically locations near 

military bases, truck stops, conventions, and tourist areas.  Online classifieds for escort services 

from three U.S. cities were collected using web crawling software to scrape ad content.  In 

addition, all advertisements were saved as a portable document format (PDF) file.    

 

3.3.1 Primary Data Source  – Backpage Escort Advertisements   

Backpage was selected as the data source for this study because it is the leading site hosting 

online classifieds for adult services.  Backpage is an online classified similar to Craigslist that 

hosts advertisements for a wide range of products to include adult services, which can be found 

under the ‘Escort’ section.  In 2010, Craigslist shut down its adult services section due to the 

amount of controversy associated with hosting this type of advertisement.  “Craigslist pulled 

adult services ads because of pressure from law enforcement officials and anti-sex-trafficking 

groups who complained the ads promoted both prostitution and sex slavery involving girls under 

18” (Whitaker, 2012, p. 1).  Following the shutdown of Craigslist’s adult services section, 

Backpage became the leading site for advertising prostitution, a position that it currently 

maintains (Operation Broken Silence, 2012; Whitaker, 2012).  Other sites host online classified 

ads for adult services, but at the time of this writing Backpage dominated the market in terms of 

highest volume of posts and web traffic, with an estimated 3.3 million unique visitors generating 

approximately $2.6 million in March 2012.  The cost of escort ads average $3 to $15 per posting 

and $7 to $20 for reposting (Whitaker, 2012).  Also, because Backpage is a mainstream online 

classified site, less stigma is attached to visiting this site.  Figure 8 and 9 below provide BP 

website statistics in terms of revenue and unique visitors.  Note that Backpage (3.3 million 

unique visitors) has over three times more viewers than the second leading site 

(AdultSearch.com 746,400 unique viewers).   
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Figure 8. Estimated Monthly Prostitution Advertising Revenue from March 2012 through Feb 2013 (Whitaker, 2013). 

 

 

Figure 9. February 2013 Unique Visitors to the Top 10 Most-Visited Sites for Adult Services Ads (Whitaker, 2013). 

 

3.3.2 Geographic Location Selection 

Three locations from different regions across the U.S. were used as starting points to include a 

city from the Pacific, West Coast, and East Coast.  Selecting locations from various regions was 

an attempt to gain insight on regional trends.  The locations selected for this study were Hawai‘i; 

Portland, Oregon; and Miami, Florida.  Purposive sampling was used to identify the three target 

locations.  These locations were selected because they are known hub locations based on national 
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statistics from the Department of Justice and the National Human Trafficking Resource Center.  

These locations were also observed as hub sites in a previous study conducted by the author 

(Ibanez & Suthers, 2014).   

 

3.3.3 Sample 

Online advertisements for escort services from Backpage Hawai‘i; Portland, Oregon; and Miami, 

Florida were collected on May 10, 2014.  A total of 200 advertisements from each of the three 

target locations were collected (n=600).  Data was collected using web crawling software, which 

allowed data to be scraped from the Backpage website.  Data was collected on May 10, 2014 

over a one-hour time period.  The collected advertisement dates ranged from February through 

May 2014.  Below, a description of the overall sample data will be followed by a breakdown of 

the sample by location.   

 

There was a total of 603 unique providers identified in the sample (Female=602, Male=1).  The 

advertised age ranged from 18-51. The average advertised age was 25 (SD = 5.83).  Of the 603 

unique providers, 236 advertised their ethnicity.  The top advertised ethnic groups included: 

Asian (30%), Hispanic/Latin (25%), two or more ethnicities (18%), and Black (11%) (See Figure 

10 below).  There was a total of 517 unique phone numbers identified in the sample.  The area 

code origins represented 32 states (see Figure 11 below).  The top five area code origins included 

Florida, Oregon, Hawai‘i, California, and Washington (Note – data may be skewed in favor of 

the top three states due to sampling method).  This information could be used to identify 

potential source locations of traffickers or exploited persons. 
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Figure 10. Overall Sample Advertised Ethnicity. 
 

 

Figure 11. Overall Sample Area Code Origins. 
 

Hawai‘i – 200 escort ads from the Backpage Hawai‘i website were collected on May 10, 2014.  

The date range for the ads collected was from March 14 – May 10, 2014.  After excluding 

duplicates, there were 198 unique providers advertised in the sample.  The average advertised 

age was 24 (SD = 4.72).  Of the 198 unique providers, 119 advertised their ethnicity.  There were 

19 different ethnic groups advertised.  The top advertised ethnic groups included: Asian (25%), 
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Two or more ethnicities (21%), Hispanic/Latin (15%), and Black (7%) (See Figure 12 below).  

After ad analysis, 139 unique phone numbers were identified.  The area codes were from 17 

different states.  Hawai‘i (60%) and California (20%) were the dominant locations.  All other 

area code locations were below 5%.   

 

 

Figure 12. Hawai‘i Advertised Ethnic Composition. 

 

Portland, Oregon – 200 escort ads from the Backpage Portland, Oregon website were collected 

on May 10, 2014.  The date range for the ads collected was from Apr 10 – May 10, 2014.  After 

excluding duplicates, there were 178 unique providers advertised in the sample.  The average 

advertised age was 25 (SD = 5.63).  Of the 178 unique providers, 41 advertised their ethnicity.  

There were 17 different ethnic groups advertised.  The top advertised ethnic groups included: 

Asian (24%), Hispanic/Latin (22%), two or more ethnicities (20%); Black (15%) (See Figure 13 

below).  After ad analysis, 182 unique phone numbers were identified.  The area codes were 

from 17 different states.  Oregon (62%), Washington (10%), and California (10%) were the 

dominant locations.  All other area code locations were below 5%.   
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Figure 13. Oregon Advertised Ethnic Composition. 

 

Miami, Florida – 200 escort ads from the Backpage Portland, Oregon website were collected on 

May 10, 2014.  The date range for the ads collected was from Mar 15 – May 10, 2014.  After 

excluding duplicates, there were 227 unique providers advertised in the sample.  The average 

advertised age was 24 (SD = 5.25).  Of the 227 unique providers, 76 advertised their ethnicity.  

There were 21 different ethnic groups advertised.  The top advertised ethnic groups included: 

Hispanic/Latin (43%), Black (15%), two or more ethnicities (12%), and Asian (9%) (See Figure 

14 below).  After ad analysis, 196 unique phone numbers were identified.  The area codes were 

from 16 different states.  Florida (87%), California (3%), and Washington, DC (2%) were the 

dominant locations. All other area code locations were below 1%.   
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Figure 14. Florida Advertised Ethnic Composition. 

 

3.4 Data Collection  

The study involved a multi-step process (see Figure 15 below).  First, Backpage escort ads from 

three locations across the U.S. were collected.  Important data fields were extracted from the ads 

and analyzed for indicators of sex trafficking.  The intent was to identify the subset of escort ads 

with potential links to sex trafficking.  Next, movement data was collected using the phone 

numbers obtained from the ads.  Movement data is based on other advertised locations.  A 

provider’s advertisement history can be accessed through escort review sites using a phone 

number search.  Advertisement history provides information on the various locations a provider 

has been advertised in, which was used to gain information on provider movement.  The 

advertised location data obtained for each unique phone number across the four sites was 

integrated to maximize the available data on a provider’s circuit in an effort to circumvent the 

deceptive nature of this covert network.  Lastly, data obtained was analyzed using social network 

analysis methods.  Network analysis methods were used to identify covert network structures and 
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activity hidden in dispersed online environments.  This analysis provides insight on provider 

networks, hub locations, and movement trends within the U.S.   

 

 

Figure 15. Study Overview. 

 

3.4.1 Identification of Potential Victims and Provider Networks   

Using web crawling software, important data fields were extracted from the online 

advertisements (Ad Analysis, figure 15).  Important data fields included advertised location, 

advertised age, advertised name, phone number, area code origin, post ID, advertisement 

headline, text body, and images.  Similar methods were used in previous Backpage studies 

conducted by Operation Broken Silence (2011; 2012).  The uniform resource locator (URL or 

web address) for each ad was also collected allowing access to the advertisements.  Figure 16 

below provides a screenshot of data extracted from the online advertisements.  Advertised 

location indicates where the provider is operating.  Advertised age is the listed age of the poster 

(typically inaccurate with many ads using ages older or younger than true age).  Advertised name 

Data 
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• Provider-by-Provider Network

• Provider-by-Location Network 
(Circuits)



72 

 

serves as an identifier to distinguish unique posts and providers.  Both advertised age and name 

fields provide information relevant to indicators of trafficking if inconsistencies are observed.  

Phone numbers distinguish unique posts and provide data on movement.  Area code origin can 

indicate movement if the origin is different from the advertised location.  Area codes may also 

present clues to the source location of providers (Operation Broken Silence, 2012).  Post ID is a 

unique numeric code assigned to each advertisement posted on Backpage.  Post ID was used to 

identify ads reposted by the same person.  The content available in the headline, text body, and 

images were used to identify indicators.   

 

Figure 16. Example of data extracted from a Backpage escort ad using import.io. 

 

3.4.2 Identification of movement trends   

A second-level data collection (Data Collection 2, figure 15) was performed to capture location 

data via advertisement history. Advertisement history is accessible using a phone number search 

across multiple search engines to include community specific sites.  All unique phone numbers 

were extracted from BP ads and searched to obtain movement data.  A phone number search was 

conducted across multiple escort review sites that access online classifieds linked to a particular 

phone number.  The various locations each phone number was advertised in were documented, 

allowing provider movement patterns to be observed.  Location data was collected from three 
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escort review sites as well as Google.  The data was integrated in order to capture a larger 

portion of available information on advertised locations.   

 

3.4.3 Location Data Sources  

The three escort review sites used for this study were: escortphonesearch.com, escort-

phone.com, and escortsincollege.com.  According to the escort-phone.com website their primary 

purpose is to, “gather and cross-reference phone numbers for escorts, strippers, massage and 

more.  Find ads in any city based on a phone number” (Escort phone numbers, 2013).  The 

location information for escort-phone.com was not provided, but both escortphonesearch.com 

and escortsincollege.com are based in foreign countries.  Escortphonesearch.com is based out of 

Mexico City, Mexico.  According to their site its main function is it, “attempts to sort escort 

information from around the world including the United States, Canada, Australia, and the 

United Kingdom.  It is done mainly by phone number and makes viewing an escort's posting 

history a lot easier” (About, 2013b, p. 1).  EscortsInCollege.com is based out of Pasto, Colombia.  

According to their website: 

EscortsInCollege.com allows you to see an escorts entire picture before you decide to 

give her a call.  No longer do you have to search far and wide doing research on an 

escort.  Here, all the information is laid out for you so you can see exactly where an 

escort has been, what other ads they have posted and the ages they are using.  All images 

the escort uses are shown with duplicates removed which enables you to see if there is 

more than one girl or an agency using the same phone number.  Some escorts have links 

to reviews which could also shed some extra light on how they perform (About, 2013a, p. 

1). 
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Escort review sites allow Johns to validate provider authenticity by reviewing advertisement 

history.  These sites include information on the various cities providers have been advertised in, 

different aliases and ages used, photos, and reviews.  These sites serve the community’s needs by 

providing a single source of consolidated information on a provider, allowing Johns to verify 

information by cross-analyzing multiple ads for consistency.  This process serves two purposes: 

it allows Johns to avoid false advertisement (bait and switch) and it allows Johns to avoid 

potential law enforcement operations.  An example of the search results from the Escort Phone 

Search site is provided below (See Figure 17).  This screenshot provides information on the 

various locations a specific phone number was advertised in (Hawai‘i, Missouri, and Nevada), 

the different ages used (21 and 25), photos used in advertisements, and it provides links to the 

ads and reviews.  The various sites label the data field for other advertised locations as either 

‘cities worked’ or ‘cities traveled.’  The assumption is that the women have traveled to these 

locations based on the presence of an advertisement for service in this location. 

 

 

Figure 17. Screenshot of an Escortphonesearch.com phone number search results display. 
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3.5 Data Analysis 

3.5.1 Identification of Potential Victims 

Each advertisement was analyzed using the Sex Trafficking Indicators in Online Advertisements 

(Appendix B).  Ads containing indicators were flagged as high risk for potential involvement 

with sex trafficking.  Ads were flagged by both the amount of indicators present in an ad as well 

as the type of indicator present.  Figure 18 below provides an example of a typical escort ad on 

Backpage with important data fields highlighted in yellow and indicators circled in red.  

Indicators of movement, shared management, and advertised ethnicity are present in the ad.  The 

presence of online sex trafficking indicators was used to identify potential victims.   

 

 

Figure 18. Example of a Backpage Escort Ad. 

 

In order to establish inter-rater reliability, ten percent of advertisements were randomly selected 

using a random number generator and analyzed by a second rater (see Appendix C for Coding 
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Sheets).  The primary and secondary rater discussed the results after separately analyzing the ads.  

Discrepancies in analysis were discussed and resolved between raters resulting in revisions to the 

codebook for clarification on coding.  One area needing clarification was the Ethnicity variable.  

After discussion of discrepancies, it was decided to expand the definition to include slang 

references to ethnic background such as ebony or chocolate to refer to African American 

ethnicity.  The sample of advertisements was recoded based on the revisions to the codebook.  

Cohen’s kappa (K) is an inter-rater reliability measure for categorical data that compares 

observed and expected agreement (Cohen, 1960).  The value of K can range from -1 to +1 with 

+1 being perfect agreement.  Cohen’s kappa was calculated for each of the primary online 

indicators to establish inter-rater reliability.  The measure was run by indicator to ensure the 

variables were operationalized in a meaningful way.  The variables included: Movement, 

Multiple Providers, Restricted Movement, Third Party Language, Advertised Ethnicity, and 

Potential Commercial Front Brothel.  Kappa was established at the good to very good range for 

all variables meaning there was a high level of agreement between coders (see Table 3).  

Table 3. Kappa for Primary Online Indicators. 

Variable Kappa (K) SE of K Rating 

Movement .667 .096 Good 

Multiple Providers .869 .090 Very Good 

Restricted Movement .729 .094 Good 

Third Party Language .651 .227 Good 

Advertised Ethnicity .684 .102 Good 

Potential AMP .900 .099 Very Good 
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3.5.2 Identification of Provider Networks 

This study was interested in the observance of patterns in activity related to the observation of 

provider networks.  The use of SNA allowed these patterns to be observed through the 

construction of a provider network using data extracted from the ad analysis.  Posting behaviors 

linked to the ‘Shared Management’ indicator allowed provider networks to be constructed.  First, 

unique providers were identified from the sample.  Some providers posted multiple ads during 

the data collection period, thus duplicate postings were not recounted.  Unique providers were 

identified using the name, phone number, and post ID data fields as well as images included in 

the advertisements.  Data related to the ‘Shared Management’ indicator provided information on 

which providers were working together.  Factors that would indicate multiple providers are 

working together include: shared advertisement, shared phone number, and shared post ID (see 

Appendix B – Codebook for additional details).  A shared advertisement includes multiple 

providers in a single ad, which would indicate providers work together.  A shared phone number 

would indicate a central line is used to schedule services that could be linked to a provider or 

trafficker.   Shared post ID observes ads that have been reposted that may have been edited to 

advertise different providers, but the ad was posted by the same person linking the advertised 

providers.   

 

Social network analysis was used to construct the provider network.  The node list was 

composed of the unique providers identified in the sample.  The edge list was generated using 

the data on shared management.  If factors of shared management were present an edge between 

providers was annotated.  Using this data, a one-mode symmetric provider-by-provider matrix 

was created.  The network was visualized with isolates removed to identify the various sub-
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groups operating in an advertised location.  A provider by ad analysis was used to observe 

provider network structure.  Nodes have properties referred to as attributes.   Attributes are 

additional information that can be incorporated later for more extensive analysis, which could be 

used to identify other patterns within the network.  These attributes include demographic 

information such as age, ethnicity, and area code of posted phone number.  Analyzing these 

characteristics of posting behavior may shed light on trends in advertisement activity across the 

U.S. beyond the scope of this research.  The software used to analyze provider networks were 

Netdraw and Gephi.   

 

3.5.3 Identification of Movement Trends 

Advertised location data was analyzed using network analysis methods to detect and map circuits 

or movement patterns.  These patterns were observed by analyzing the advertisement history of 

providers.  SNA was used to construct provider by location networks, which allowed prominent 

movement trends to be observed.  Centrality measures were used to identify the most prominent 

locations providers were advertised in.  The node list was composed of the unique phone 

numbers identified in the sample.  The phone number served as a proxy for the provider or 

trafficker.  Location data was entered using other advertised locations based on the data collected 

in the phone number search.  A symmetric provider-by-location bipartite network was 

constructed to analyze movement trends.  A bipartite or two-mode network is a network with two 

different node types (Newman, 2009).  In the case of this study, the rows represent telephone 

numbers (proxy for provider) and columns represent advertised location.  Networks were 

constructed at the state and city/county level.  The state level networks were weighted by the 

number of cities a provider was advertised within the state.  The city level networks are binary.  

Because nodes represented a geographical location, geospatial data was incorporated to visualize 
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data across the physical plane.  This was done by adding latitude and longitude coordinates to the 

node attributes allowing for the network to be overlaid on a map of the U.S.   

 

Circuits were observed based on aggregate data using a monopartite projection of the network. 

Specifically, the network was folded to create a location-by-location network.  Network edges 

represent locations sharing telephone numbers, with the edges weighted by the number of phone 

numbers shared between locations.  Then, thresholds were established to filter data by edge 

weight in order to identify high volume travel routes.  The resulting visualization of high volume 

associations between locations was used to identify prominent hubs and circuits.  Prominent 

circuits represent locations with the highest volume of traffic between them not actual travel 

routes of providers (See Figure 19).  This is due to the loss of data when a bipartite network is 

folded.  In this case, the agent data is lost when the matrix is folded to obtain a location-by-

location network.  This level of data provides insight on critical locations in the network 

allowing resources to be targeted to areas with high volumes of potential sex trafficking activity.  

Networks were analyzed at both the state and city/county level to provide insight on inter-state 

and intra-state movement trends.  Inter-state networks provide an analysis of national level 

movement trends.  An analysis of the intra-state circuits or micro-circuits provides information 

on movement trends within a state.    
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Figure 19. Circuit Construct – Prominent circuits are identified based on edge weight.  

The locations with the highest weighted edges (volume of movement between locations) form the circuits of interest as 

they point to prominent trends in movement. In this example, nodes C-D-G form the prominent circuit. This circuit may 

not be representative of individual level circuits. For example, the circuit formed by Tel_1 would be location A-B-D-C. 

 

3.5.4 Concepts and Measures  

A network is composed of a set of nodes (n) and edges (m) (Newman, 2009).  Nodes represent 

actors or agents in a network.  Edges or ties in a network represent a relation or connection 

between two nodes.  Network analysis can be used to analyze social structures, which form by 

patterns of established relations between actors or agents.  Wellman and Berkowitz explain, 

“social structures can be represented as networks – as sets of nodes (or social system members) 

and sets of ties depicting their interconnections” (1988, p. 4).  For this study, networks were 

constructed using the data obtained in online escort advertisements and location data from escort 

review sites.  Analysis was aimed at identifying which providers were working together and 

what locations the providers have been advertised or sold in.  Network boundaries were defined 

methodologically based on the sampling of posted advertisements.  There are limitations to using 

this approach.  Butts describes the limitation of this approach as “network boundaries for many 

studies are determined by the methodology that is used to obtain the network in question. For 

instance, sampling interaction via a given communication medium (e.g. email, radio 
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communication etc.) may implicitly limit the measured network to those using the medium in 

question” (p. 18, 2008).     

 

Both provider-by-provider and provider-by-location matrices were constructed.  In the provider-

by-provider networks nodes represented unique providers identified in the Backpage escort ads.  

An edge represents a relation between the two nodes.  This could be an exchange of information 

or flow of resources.  In the case of this study, it shows some level of coordination is occurring 

between those providers.  The network was undirected or symmetric.  Thus, the presence of a 

shared management indicator between two nodes is represented by an edge regardless of 

direction.  The provider-by-location network was a bipartite network with nodes consisting of 

both unique providers and advertised locations.  An edge represents a provider was advertised in 

those locations.  The network was undirected, so an edge was created between nodes regardless 

of the direction of movement.  The series of edges represent the provider’s circuit or the various 

cities a provider was advertised in (Note: “circuit” is being used in terms of law enforcement 

terminology related to commercial sex movement, not graph terminology).  In order to identify 

the most prominent circuits, the network was folded to a location-by-location network with 

nodes representing locations and an edge indicating that a provider was advertised in both 

locations.  The edges were weighted by the number of providers being advertised in both 

locations.   

 

The basic concepts and measures used in this study to analyze the network include: degree, edge 

weight, density, cohesion (cohesive subgroup), component, and centrality.  Degree provides 

insight on hub locations or ‘hot spots’, while edge weight helps to identify the most prominent 
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movement patterns.  Density, cohesive subgroups, and component are structural terms.  

Centrality measures identify the structural importance of a node within in a network by 

identifying the most prominent nodes (Newman, 2009).  There are several different types of 

centrality measures.  Degree, betweenness, and eigenvector centrality were used in this study.  

The following paragraphs provide an explanation and use of measures in the study.  Table 3 

below provides an overview of the measures used.  

 

Degree – Degree measures the number of edges connected to a node or the number of 

connections a node has to other nodes (Newman, 2009).  Degree provides information on how 

well connected a node is in the network.  Degree will be used to identify hub locations in this 

study.  Nodes with high degree have the highest volume of providers advertised at that location.   

 

Edge Weight – An edge is represented as a line between two nodes in a sociogram indicating a 

relation exists between those two nodes (Knocke & Yang, 2008; Newman, 2009).  Edge weight 

measures the frequency of interaction between the two nodes.  It measures the level of activity or 

flow an edge carries.  This measure is important in identifying critical edges and paths in the 

network.  A path is a sequence of nodes that are connected by edges.  This study is concerned 

with identifying the most prominent travel routes of potential sex trafficked victims.  This 

measure will identify which locations have the highest volume of movement between them.     

 

Density – Density is used to describe how connected a network is.  It is defined as the number of  

actual ties divided by possible ties (Knocke & Yang, 2008, Newman, 2009, Scott, 2000).  

Density ranges from 0 to 1 with sparsely connected networks at the lower end and dense 
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networks at the higher end.  Edges or ties serve as channels that resources can flow across.  The 

denser a network the more channels are available. 

 

Cohesion (Cohesive Subgroup) – Cohesion is related to the concept of density.  It describes 

relations among nodes in a closed social group (Knocke & Yang, 2009).  “Cohesive subgroups 

consists of actors connected through many direct, reciprocated choice relations that enable them 

to share information, create solidarity, and act collectively. Numerous direct contacts among all 

subgroup members, combined with few or no ties to outsiders...Examples of cohesive subgroups 

include religious cults, terrorist cells, criminal gangs..” (p. 72, Knocke & Yang, 2008).  Key 

features of covert or dark networks are that they are cellular, distributive, adaptable, and 

dynamic.  These features are consistent with the formation of cohesive subgroups.      

 

Component – Component is the simplest form of a cohesive subgroup.  A network is 

disconnected if no path exists between subgroups of nodes.  The nodes within the subgroups are 

connected to each other, but have no edges to nodes outside of the subgroup (Easley & 

Kleinberg, 2010; Scott, 2000; Newman, 2009).  These subgroups are called components.  The 

observance of components would provide insight on the amount and size of the different criminal 

networks operating in a given location. 

 

Degree Centrality – Degree centrality measures how connected a node is.  These nodes have the 

highest number of edges connecting them with other nodes (i.e. they have many neighbors).  

Nodes are ranked higher in terms of centrality if they are more connected (Newman, 2009; 

Zafarani, Abbasi, & Liu, 2014).  Degree centrality identifies hub locations.  In terms of this 
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study, many providers were advertised in these locations, suggesting higher levels of potential 

trafficking activity.   

 

Betweenness Centrality – Betweenness centrality measures the degree to which a node lies on 

paths between other nodes (Newman, 2009); or “the extent to which a node is directly connected 

only to those other nodes that are not directly connected to each other” (Carley, Pfeffer, 

Reminga, Storrick, & Columbus, 2013, p. 2).  Nodes with the highest betweenness centrality 

present a vulnerable point in the network and would disrupt network activity if removed as they 

lie on the most paths between other nodes.    

 

Eigenvector Centrality – Eigenvector centrality is similar to degree centrality in that it is 

concerned with how connected a node is, but it also considers how well connected its neighbors 

are.  It measures how connected a node is to other highly connected nodes (Newman, 2009).  It is 

used as a ranking measure to assess the importance of a node.  A node can have a high 

eigenvector centrality either because it has many connections or few connections to important 

nodes.  If a node is connected to many isolated nodes, it will have a low eigenvector score.  

Nodes with high eigenvector centrality present a vulnerability in the network.  In the case of this 

study, it would reflect locations that serve as hubs along the most prominent circuits.  The 

targeting of these locations would disrupt network activity.   
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 Table 3. Network Measures (Newman, 2009, Zafarani, et al., 2014). 

Measure   Formul

a  

No

te  
 

Explanation Formula Type of Measure 

Degree The number of edges 

connected to a node 

 

 
 

Local measure – node  

Edge Weight Represents frequency of 

contact between nodes (the 

number of connections 

between nodes) 

 

 
 

Tie/relational measure 

Density The proportion of possible ties 

that are actually present  

 

 

Network structural 

measure 

Degree 

Centrality 

Ranks nodes with more 

connections higher in terms of 

centrality 

 

 

Nodal measure 

Eigenvector 

Centrality 

A vertex’s importance in a 

network is increased by having 

connections to other vertices 

that are themselves important. 

Eigenvector centrality gives 

each vertex a score 

proportional to the sum of the 

scores of its 

neighbors. 

 

 

 
 

Nodal measure 

Betweenness 

Centrality 

The extent to which a vertex 

lies on paths between other 

vertices.  Identifies nodes on 

critical paths.  

 

 

Nodal measure 

 

*ORA software was used to analyze movement data in order to map and create a visualization of 

observed circuits.  This tool allows networks to be studied through space and time providing the 

capability to analyze network data such as who is connected to where (Carley, et al., 2013).  The 

development of this software package was intended to address the limitations of social network 

analysis in dealing with covert dynamic networks (Davis, Olson, & Carley, 2008).  ORAGIS 

incorporates geospatial data into network activity in order to map the physical locations of nodes 

and produce a visualization of the physical layout of the network.  These tools provide an 

opportunity to observe patterns in data that may not be easily observable in other forms. 
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Chapter 4. Results and Discussion 

This exploratory study focused on identifying patterns in domestic sex trafficking using publicly 

available information online.  The intent was to examine online escort advertisements in order to 

observe the types of data available in these advertisements and to identify ways to exploit data 

into meaningful information that can be used to disrupt potential criminal activity.  In order to 

address this issue, the primary research question was: What patterns can be detected in domestic 

sex trafficking by analyzing content in online advertisements?  Observations relating to the 

identification of potential victims, provider networks, and movement trends (circuits) were the 

focal point of the analysis.  This entailed a multi-step process.  First, online escort ads were 

analyzed for indicators of sex trafficking activity in an effort to identify potential victims.  Then, 

ads containing movement indicators and shared management indicators were further analyzed 

using social network analysis.  Network analysis methods were used to identify covert network 

structures and activity hidden in dispersed online environments.  This analysis provided insight 

on provider networks, hub locations, and movement trends within the U.S.  The results are 

presented below for the overall sample, and then by the ad source location (Hawai‘i, Portland, 

OR, and Miami, FL).  This allowed for a multi-level analysis of data at the national, regional, 

and state level.  The aim was to capture data on overall trends across the U.S and to identify 

varying trends by ad source locations.   

 

4.1 Overall Sample 

The overall sample consisted of 200 escort advertisements from Hawai‘i; Portland, OR; and 

Miami, FL (n=600).  The data from all three source locations were combined and analyzed as a 
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whole to observe overall patterns of the sample.  The following subsections will provide the 

results for the overall sample by research question. 

 

4.1.1 Indicator Analysis  

To address RQ 1.1 {What potential victims of sex trafficking do we observe by analyzing 

content available in online escort advertisements?}, an audit of Backpage escort advertisements 

was conducted during the study period and analyzed for indicators of online sex trafficking.  The 

raw data from the ads was extracted and converted into research results.  The indicator analysis 

measured the number of indicators present in an advertisement and the frequency of an indicator 

type across the sample.  Of the 600 advertisements analyzed, 75% of the ads contained one or 

more indicators and 15% of the ads contained three or more indicators based on the six primary 

indicators.  The number of indicators observed per ad is presented in Table 4 below.  The 

distribution of ads by indicator was: 285 (48%) Movement, 94 (16%) Shared Management, 150 

(25%) Restricted Movement, 39 (7%) Third Party Language, 212 (35%) Advertised 

Ethnicity/Nationality, and 56 (9%) Potential Commercial Front.  The frequency distribution of 

indicator by type across the sample is presented in Table 5 below.   

 

Table 4. Number of Indicators Present per Ad. 

 0 1 2 3 4 5 6 

Overall 

(600) 

25% 39% 22% 8% 2% 2% 3% 

HI (200) 15% 38% 23% 12% 3% 4% 8% 

OR (200) 28% 43% 22% 7% 1% 0% 1% 

S. FL (200) 34% 36% 20% 6% 3% 2% 0% 
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Table 5. Frequency Distribution of Indicator by Type. 

 Movement Shared 

Mngmt 

Restricted 

Movement 

Third Party 

Language 

Advertised 

Ethnicity 

Commercial 

Front 

Overall 

(600) 

48% 16% 25% 7% 35% 9% 

HI (200) 54% 20% 29% 16% 52% 20% 

OR (200) 54% 11% 24% 1% 20% 5% 

FL (200) 35% 16% 22% 3% 35% 4% 

 

Other observations beyond the identified indicators were noted during the indicator analysis 

process.  Some of the additional observations recorded include reference to cost, acceptance of 

credit cards, images or video, discriminatory language, and law enforcement disclaimers.  These 

observations may provide insight to other patterns of sex trafficking beyond the scope of this 

study such as average cost for service, posting trends, hidden codes in images or video, etc.  

Other observations will be presented below by location. 

 

4.1.2 Provider Networks 

To address RQ 1.2 {What provider networks do we observe by analyzing content available in 

online escort advertisements?}, data extracted from the ad analysis was used to identify provider 

networks.  The intent was to determine if it was possible and how to identify the covert networks 

operating at a specific location using data available in online advertisements.  Using advertised 

data a provider network was created.  The nodes represent unique providers and ties represent the 

presence of a ‘shared management’ indicator (described in Chapter 3).  Once the provider 

network was constructed, basic network analysis methods were used to analyze and visualize the 

network.      
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After excluding duplicate ads, there were 603 unique providers identified in the overall sample.  

Based on the data available in the sample, 167 providers indicated they were working with other 

providers and 436 were observed as isolates.  Table 6 below outlines the shared management 

indicator present among linked providers.  Some ads contained more than one shared 

management indicator, which is listed as multiple in the table below.  For example, two 

providers may be advertised in the same ad with only one number listed.  These providers would 

be connected by a shared ad and shared phone number.  The sample did not contain the shared 

post ID indicator.  This may be due to the way data was collected.  Shared post ID and shared 

advertisement indicators allow network structure to be observed.  These indicators are more 

observable if data is collected daily from the same location over a period of time, which allows a 

provider’s daily posting activity to be observed.   

 

Table 6. Overall Sample Shared Management Indicator Present. 

Shared Management 

Indicators 

Overall Provider Network 

 

Unique Providers 603 

Providers Working 

Together  

167 

Shared Number 108 

Shared Advertisement 154 

Shared Post ID 0 

Multiple 95 

 

The network was sparse with a density of .03, which was reflected in a disconnected network 

composed of 44 weakly connected components or sub-groups (with the isolates removed).  The 

isolates were recorded, but removed from the visualization as they formed independent 

components and did not provide information on provider networks.  Isolates may indeed be a 

part of a provider network, but the data was not observed or accessible in the sample of ads.  
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This may be due to the nature of covert network data.  Components ranged in size from two to 

twelve providers (See Figure 20).  The network was visualized using the Fruchterman and 

Reingold layout with nodes colored and sized by degree (see Figure 21 below).  Structure was 

observable in instances where multiple advertisements were posted for the same provider 

allowing posting behavior to be observed.  Structure was observed in two instances (highlighted 

with a red circle) and will be discussed below under the location it appeared in.  Table 7 below 

provides the characteristics of the network with and without isolates.  It was observed that the 

larger components were linked to potential commercial front establishments such as massage 

parlors.  There were no indicators of providers from different source locations working together.  

A provider network was constructed and visualized for each location independently in the 

sections below.   

 

Table 7. Overall Sample Provider Network Descriptive Statistics. 

Measures Overall Provider Network 

 

Overall Provider Network 

(436 Isolates Removed) 

Nodes (n) 603 167 

Edges (m) 387 387 

Density (d) .002 .03 

Average Degree 1.28 4.64 

Components 480 44 
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Figure 20. Overall Sample Component Size Distribution (with isolates removed).  

 

 

Figure 21. Visualization of the undirected provider network for the overall sample with isolates removed.  The 

visualization depicts 44 weakly connected components with nodes colored and sized by degree. 
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4.1.3 Movement Trends 

In order to address RQ 1.3 {What movement trends of potential traffickers or victims (i.e. hubs, 

circuits, etc) do we observe by analyzing content available in online escort advertisements?}, the 

advertisement history for each unique phone number (which served as a proxy for a provider) 

was recorded to identify a provider’s circuit.  After excluding duplicates, there were 517 unique 

phone numbers identified in the overall sample.  Of the 517 unique phone numbers observed, 

346 phone numbers were advertised in multiple locations (67% of the sample).  Based on the 

advertisement history, 47 states and 285 cities were represented.  The only states that did not 

appear in the sample were Maine, New Hampshire, South Dakota, and Vermont.  The number of 

advertised locations ranged from 1 to 35.  The average number of advertised locations was 7 (SD 

= 3.00).   

 

This information was used to create a provider-by-location matrix, which allowed the movement 

trends to be observed using SNA.  After folding the network, the nodes represented advertised 

locations and edges represented a provider was advertised in both locations (described in Chapter 

3).  After constructing the network, basic network analysis methods were used to analyze the 

data.  This included network properties, centrality measures, and visualization.  The network was 

observed at both the state and city/county level for finer granularity.  Both networks represent the 

same data, but at different levels of analysis.  This also allowed for inter-state and intra-state 

movement trends to be observed.   

 

The state level network had an average degree of 25.69 and the average weighted degree was 

231.18.  The city level network had an average degree of 34.87 and the average weighted degree 
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was 56.06.  The average weighted degree is important for this network because the edge weight 

describes the number of providers moving between locations (flow of movement).  The locations 

with a higher weighted degree represent hub locations for the activity being studied.  The density 

for the state level network was .514, which indicates 51% of all potential edges were present in 

the network making this a dense network.  Most real-world networks are sparse.  The city level 

density was much lower at .123, which is typical as networks grow (more nodes introduced).  

The average path length for the state and city networks was 2.33 and 2.31 respectively.  Short 

average path lengths are indicative of small world properties, meaning any node in the network is 

able to reach any other node in a short amount of hops.  Table 8 below provides the descriptive 

statistics for each network (See Appendix D for full SNA reports).  The centrality measures and 

visualizations are presented below for the state and city level graphs.   

 

Table 8. Descriptive Statistics for the Overall Sample Location Network. 

 State Level  City Level 

Nodes (n) 51 285 

Edges (m) 655 4969 

Average Degree 25.69 34.87 

Avg. Weighted Degree 231.18 56.06 

Network Diameter 5 6 

Density (d) .514 .123 

Avg. Clustering Coefficient .764 .756 

Avg. Path Length 2.33 2.31 

 

Centrality Measures 

A variety of centrality measures were calculated to identify the most central or prominent nodes 

in the network.  Identifying central nodes in the network can expose critical or vulnerable points 

that can be targeted to disrupt network activity.  The centrality measures of main concern to this 

study were degree, eigenvector, and betweenness.  The top 10 ranked states and cities based on 
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these centrality measures are presented in Tables 9 and 10.  Oregon, California, Washington and 

Texas were the most central nodes in the network in terms of degree centrality.  At the city level 

Portland, OR; Eugene, OR; Seattle, WA; and Salem, OR were the top four ranked cities based on 

degree centrality.  These nodes have the highest number of edges connecting them with other 

nodes (i.e. they have many neighbors).  Degree centrality identifies hub locations.  In terms of 

this study, many providers were advertised in these locations, suggesting higher levels of 

potential trafficking activity.  Oregon, Washington, California, and Texas were also ranked in the 

top four based on eigenvector centrality.  At the city level Portland, OR; Eugene, OR; Seattle, 

WA; and Salem, OR were the top four ranked cities based on eigenvector centrality.  

Eigenvector centrality is related to degree centrality, so it is not surprising that the same locations 

were top ranked for both measures.   Eigenvector centrality takes into consideration a node’s 

degree as well as the degree of its neighbors.  It can be large either because a node is highly 

connected or it is connected to other highly connected nodes.  In terms of this study, these 

locations had both high degree measures and were connected to each other to form a prominent 

circuit.  Based on betweenness centrality measures Nevada, Alaska, Pennsylvania, and Arkansas 

were the most central nodes.  At the city level Miami, FL; Ft. Lauderdale, FL; Medford, OR; and 

Honolulu, HI ranked in the top four.  These nodes lie on the shortest paths between many other 

nodes.  This implies these states potentially fall along many circuits in the network.  These nodes 

may not at first-glance appear to be important because they may not have a high degree in 

relation to other nodes in the network.  However, they do present vulnerable points for potential 

intervention.  It is important to keep in mind that the results may be skewed in terms of the 

sampling method used.  Hub locations were selected for the sample to provide a lens to observe 

this activity.  However, this may have implications on the observed movement trends. 
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Table 9. Overall Sample Advertised Location Network Centrality Measures for the Top 10 States. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 OR .073 OR .805 NV .073 

2 CA .061 WA .733 AK .062 

3 WA .057 CA .619 PA .062 

4 TX .033 TX .350 AR .060 

5 HI .024 AZ .254 CT .059 

6 AZ .020 HI .238 LA .055 

7 FL .020 ID .192 KS .050 

8 ID .015 UT .163 MI .050 

9 CO .013 CO .136 GA .041 

10 UT .013 NM .118 FL .037 

 

Table 10. Overall Sample Advertised Location Network Centrality Measures for the Top 10 Cities. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 Portland, OR 0.041 Portland, OR 0.605 Miami, FL 0.091 

2 Eugene, OR 0.027 Eugene, OR 0.434 Ft Lauderdale, FL 0.080 

3 Seattle, WA 0.026 Seattle, WA 0.426 Medford, OR 0.036 

4 Salem, OR 0.023 Salem, OR 0.396 Honolulu, HI 0.030 

5 Miami, FL 0.020 Bend, OR 0.301 Newark (N. NJ) 0.029 

6 Honolulu, HI 0.020 Medford, OR 0.260 Washington, DC 0.028 

7 Medford, OR 0.019 Boise, ID 0.238 Eugene, OR 0.024 

8 Ft Lauderdale, FL 0.017 Olympia, WA 0.226 W. Palm Beach, FL 0.023 

9 Bend, OR 0.017 Phoenix, AZ 0.225 Albuquerque, NM 0.023 

10 Phoenix, AZ 0.016 Everett, WA 0.214 Sacramento, CA 0.022 

 

Visualization 

After initial analysis, the network was visualized.  Thresholds were established to filter the data 

based on edge weight to reduce noise and to observe the most prominent circuits.  The thresholds 

were established and data was filtered to observe the top 10-25% of the network: 10% (filtered 

edges with a weight <131), 15% (filtered edges with a weight <75), 20% (filtered edges with a 

weight <37), and 25% (filtered edges with a weight <25).  Table 11 provides the context and 
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thresholds of the filtered network.  Filtering the data allowed the locations with the highest 

volume of providers being advertised between them to be displayed.  As the thresholds were 

relaxed greater portions of the network were exposed.  The graphs were visualized using a circle 

layout (center is the highest betweenness centrality) with edges colored and sized by weight.  A 

geospatial analysis was also conducted to visualize the network across a physical plane.  This 

technique allows the data to be represented in a more meaningful way by incorporating a spatial 

dimension.  The graphs and geospatial representation of the filtered network are presented below 

in Figures 22-26 (See Appendix E for larger state level graphs).   

 

Table 11. Overall Sample Advertised Location Network Context with thresholds in place. 

Network 

Exposed 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density 

(d) 

All None 51 655 1 461 9.00 25.99 .514 

Top 10% <131 5 5 131 461 244.00 129.84 .500 

Top 15% <75 7 11 75 461 157.10 117.82 .524 

Top 20% <37 14 24 37 461 98.08 96.19 .264 

Top 25% <25 22 46 25 461 66.48 77.19 .200 

 

 

Figure 22. Graphical and geospatial visualization of the undirected location network for the overall sample.  This graph 

represents the unfiltered network. 
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Figure 23. Visualization of the top 10% of the network for the overall sample with data filtered to remove edge weights 

<131.  

 

 

 

Figure 24. Visualization of the top 15% of the network for the overall sample with data filtered to remove edge weights 

<75. 

 

 

Figure 25. Visualization of the top 20% of the network for the overall sample with data filtered to remove edge weights 

<37. 
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Figure 26. Visualization of the top 25% of the network for the overall sample with data filtered to remove edge weights 

<25. 

 

The above diagrams provide a visual of the implementation of various data filters on the 

network.  Figure 22 displays the unfiltered network, which included a considerable amount of 

noise and does not provide much insight on prominent hubs or circuits.  Thresholds were 

implemented to reduce the noise and allow the most prominent circuits to be observed.  The 

thresholds were incrementally reduced to expose larger portions of the network.  Figure 23 

represents the top 10% of movement in the network (n=5, m=5).  When data was filtered at this 

level, the prominent circuit consisted of California, Hawai‘i, Oregon, Texas, and Washington.   

These five hub states represent four of the seven states identified in the Western Circuit (CA, HI, 

OR, and WA described in Chapter 2).  Intra-state circuits were constructed for these locations 

because they were the most prominent circuit of the sample.  Micro-circuits allow movement 

patterns within the state to be observed (See Appendix G for the micro-circuits of these hub 

locations).  When thresholds were reduced to include the top 15% of the network (n=7, m=11), 

the circuit expanded to include Arizona and Idaho with edges becoming visible between hub 

nodes exposing larger portions of the Western Circuit (See Figure 24).  When thresholds were 

reduced to include the top 20% of the network (n=14, m=24), the circuit expanded to include 
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Colorado, Florida, Georgia, North Carolina, New Mexico, New York, and Utah as well as 

additional edges between the existing nodes (See Figure 25).  At this data filter, the circuit 

included the entire Western circuit as well as bi-coastal movement.  Bi-coastal movement was 

observed between California and New York, and Florida; and Oregon and Georgia.  When 

thresholds were implemented to include the top 25% of the network (n=22, m=46), the circuit 

continued to expand to include Alabama, Illinois, Maryland, North Dakota, New Jersey, 

Pennsylvania, and Virginia (See Figure 26).  This data filter included nearly half of the possible 

locations and exposed the Eastern Circuit (described in Chapter 2).   

 

At the city level, thresholds were also established to filter the data based on edge weight.  The 

city level data was filtered to remove edges with weights <20, <10, <7, and <5 to observe the 

most prominent circuits.  Table 12 provides the context and thresholds of the filtered network.  

The graphs and geospatial representation of the filtered network are presented below in Figures 

27-35 (See Appendix F for larger city level graphs).  

 

Table 12. Overall Sample City-Level Network Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 285 4969 1 54 1.61 2.03 .123 

<20 12 11 21 54 31.09 9.97 .167 

<10 25 38 10 54 18.47 9.87 .127 

<7 42 82 7 54 12.71 8.61 .095 

<5 66 194 5 54 8.49 6.66 .090 
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Figure 27. Graph of the undirected city-level network for the overall sample.  This graph represents circuits with an edge 

weight of 20 or greater.  

 

 

Figure 28. Geospatial visualization of the undirected city-level network for the overall sample.  This graph represents 

circuits with an edge weight of 20 or greater. 
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Figure 29. Graph of the undirected city-level network for the overall sample.  This graph represents circuits with an edge 

weight of 10 or greater.  

 

 

Figure 30. Geospatial visualization of the undirected city-level network for the overall sample.  This graph represents 

circuits with an edge weight of 10 or greater. 
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Figure 31. Graph of the undirected city-level network for the overall sample.  This graph represents circuits with an edge 

weight of 7 or greater. 

 

 

Figure 32. Geospatial visualization of the undirected city-level network for the overall sample.  This graph represents 

circuits with an edge weight of 7 or greater. 
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Figure 33. Graph of the undirected city-level network for the overall sample.  This graph represents circuits with an edge 

weight of 5 or greater. 

 

 

Figure 34. Geospatial visualization of the undirected city-level network for the overall sample.  This graph represents 

circuits with an edge weight of 5 or greater. 

 

The above diagrams provide a visual of the implementation of various data filters on the city-

level network.  Figure 27 and 28 display the network with thresholds in place representing 

circuits with an edge weight of 20 or greater.  When data was filtered at this level, three 

prominent circuits were apparent representing the intra-state or micro-circuits for the 
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advertisement source locations.  They included: the Hawai‘i micro-circuit with movement across 

three of the islands; the Florida micro-circuit highlighting the four most advertised cities in 

Florida (Miami, Ft. Lauderdale, West Palm Beach, and Hollywood); and the Oregon circuit, 

which included the four most advertised cities in Oregon (Portland, Salem, Eugene, and Bend) 

and Seattle, WA.  However, at this level of filtering the circuits do not connect.  Figure 29 and 

30 display the network with thresholds in place representing circuits with an edge weight of 10 

or greater.  When data was filtered at this level, the Oregon circuit expanded significantly to 

larger portions of Oregon and Washington as well as the neighboring states of CA, AZ, and ID.  

All but one city of the Western circuit (Salt Lake City, UT) was observed at this data filter.  

When data was filtered to display circuits with an edge weight of seven or greater, the Hawai‘i 

circuit expanded to include movement between the islands and California (See Figure 31 and 

32).  The Oregon centered circuit expanded to include greater portions of California, Utah, and 

Illinois.  The entire Western circuit is observed at this filter.  The interesting thing about this 

graph is it displayed the different movement trends based on location.  For example, the Hawai‘i 

circuit included Honolulu, HI; Kona, HI; Maui, HI; Sacramento, CA; San Diego, CA; and San 

Jose, CA.  The Oregon circuit included multiple cities in California, but different cities from the 

Hawai‘i circuit (Los Angeles, San Francisco, Oakland, Redding, and Orange County).  Figure 35 

and 36 display the network with thresholds in place representing circuits with an edge weight of 

five or greater.  When data was filtered at this level, the circuit continued to expand eastward to 

include Austin and Houston, TX as well as the hub cities along the East coast.  Also, bi-coastal 

traffic was observed and the circuits connected at this level.   
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4.2 Hawai‘i Advertisements 

There was a total of 200 escort advertisements collected from Hawai‘i.  The data from the 

advertisements collected from Hawai‘i were analyzed separately to observe patterns by source 

location.  The following subsections will provide the results for the Hawai‘i data by research 

question. 

 

4.2.1 Indicator Analysis 

To address RQ 1.1 {What potential victims of sex trafficking do we observe by analyzing 

content available in online escort advertisements?}, an audit of Backpage escort advertisements 

was conducted during the study period and analyzed for indicators of online sex trafficking.  The 

raw data from the ads was extracted and converted into research results.  The indicator analysis 

measured the number of indicators present in an advertisement and the frequency of an indicator 

type across the sample.  Of the 200 advertisements analyzed, 85% of the ads contained one or 

more indicators and 25% of the ads contained three or more indicators based on the six primary 

indicators.  The distribution of ads by indicator was: 108 (54%) Movement, 40 (20%) Shared 

Management, 58 (29%) Restricted Movement, 32 (16%) Third Party Language, 103 (52%) 

Advertised Ethnicity/Nationality, and 40 (20%) Potential Commercial Front (AMP).  The 

number of indicators observed per ad and the frequency distribution of indicator by type across 

the sample is presented in Figure 35 below.   
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Figure 35.Hawai‘i Number Indicators per Advertisement and Frequency Distribution of Indicator by Type. 

 

Advertisements linked to potential AMPs displayed multiple high risk characteristics.  There was 

a high presence of indicators in advertisements for potential commercial front establishments.  

This trend was consistent across the sample.  All 40 advertisements contained two or more 

indicators and 38% of those ads contained five indicators.  Of the 40 advertisements linked to 

AMPs, 45% contained indicators of movement, 78% advertised multiple providers were 

available, 98% indicated movement was restricted to the establishment, and 68% included 

information on ethnicity.  All providers indicated Asian ethnic groups to include Chinese, 

Japanese, Korean, Thai, and Vietnamese.  Figure 36 below provides information on the amount 

and type of indicators present in advertisements of potential AMPs. 
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Figure 36. Hawai‘i Number Indicators per ad and Frequency Distribution of Indicators by Type for ads indicative of 

AMPs. 

 

Other observations beyond the identified indicators were noted during the indicator analysis 

process.  Of the 200 advertisements analyzed, 20% of the ads contained information on the cost 

for services.  The price ranged from $40 - $350 per hour with an average of $140.  The fee for 

service was referenced in multiple ways to include $, donations, roses, kisses, gifts, and numeric 

only (ex. 200 kisses).  Discriminatory statements such as “no Black men” or a stated preference 

for White men were present in 3% of ads.  Law enforcement disclaimers were observed in 4% of 

the ads.   

 

4.2.2 Provider Networks 

To address RQ 1.2 {What provider networks do we observe by analyzing content available in 

online escort advertisements?}, data extracted from the ad analysis was used to identify provider 

networks.  The intent was to determine if it was possible and how to identify the covert networks 

operating at a specific location using data available in online advertisements.  Using advertised 

data a provider network was created.  The nodes represent unique providers and ties represent the 

presence of a ‘shared management’ indicator (described in Chapter 3).  Once the provider 
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network was constructed, basic network analysis methods were used to analyze and visualize the 

network.      

 

After excluding duplicate ads, there were 198 unique providers advertised in the Hawai‘i sample.  

Based on the data available in the sample, 85 indicated they were working with other providers 

and 113 were isolates.  Table 13 below outlines the shared management indicator present among 

linked providers.  Shared post ID and shared advertisement indicators allow network structure to 

be observed.  These indicators are more observable if data is collected daily from the same 

location over a period of time, which allows a provider’s daily posting activity to be observed.   

 

Table 13. Hawai‘i Sample Shared Management Indicator Present. 

Structural Indicators Overall Provider Network 

 

Unique Providers 198 

Providers Working 

Together  

85 

Shared Number 85 

Shared Advertisement 79 

Shared Post ID 0 

Multiple 79 

 

The network was sparse with a density of .01, which was reflected in a disconnected network 

composed of 18 weakly connected components or sub-groups with the isolates removed.  The 

isolates were removed as they formed independent components and did not provide information 

on provider networks.  Components ranged in size from two to nine providers (See Figure 37).  

Table 12 below provides the characteristics of the network with and without isolates.  The 

network was visualized using the Fruchterman and Reingold layout with nodes colored and sized 

by degree (see Figure 38 below).  It was observed that the larger components were linked to 
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potential commercial front establishments such as massage parlors.  Structure was observable in 

the data collected from the Hawai‘i ads.  Highlighted in red is the provider network linked to the 

Mayflower massage parlor.  The subgroup linked to the Mayflower massage parlor had providers 

with varying degree.  This is because multiple ads were posted for the Mayflower, which 

included different providers.  The providers being advertised in the ads varied from ad to ad with 

some providers being advertised together in groups and others in single ads or dyads.  This may 

indicate newcomers to the massage parlor or the shuffling of providers as women are moved 

around.         

 

Table 14.  Hawai‘i Provider Network Descriptive Statistics. 

Measures Hawai‘i Provider Network 

 

Hawai‘i Provider Network 

(113 Isolates Removed) 

Nodes (n) 198 85 

Edges (m) 218 218 

Density (d) .01 .06 

Average Degree 2.20 5.13 

Components 131 18 

 

 

Figure 37. HI Component Size Distribution (with isolates removed).  
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Figure 38. Visualization of the undirected Hawai‘i provider network with isolates removed.  The visualization depicts 18 

weakly connected components with nodes colored by degree.  

 

4.2.3 Movement Trends 

In order to address RQ 1.3 {What movement trends of potential traffickers or victims (i.e. hubs, 

circuits, etc) do we observe by analyzing content available in online escort advertisements?}, the 

advertisement history for each unique phone number (which served as a proxy for a provider) 

was recorded to identify a provider’s circuit.  After excluding duplicates, there were 139 unique 

phone numbers identified in the Hawai‘i data.  Of the 139 unique phone numbers observed, 72 

phone numbers were advertised in multiple locations (57%).  Based on the advertisement history, 

39 states and 122 cities were represented.  The number of advertised locations ranged from 1 to 

33.  The average number of advertised locations was 3 (SD = 4.00).   
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This information was used to create a provider-by-location matrix, which allowed the movement 

trends to be observed using SNA.  After folding the network, the nodes represented advertised 

locations and edges represented a provider was advertised in both locations (described in Chapter 

3).  After constructing the networks, basic network analysis methods were used to analyze the 

data.  This included network properties, centrality measures, and visualization.  The network was 

observed at both the state and city/county level for finer granularity.  Both networks represent the 

same data, but at different levels of analysis.   

 

The state level network had an average degree of 16.71 and the average weighted degree was 

57.77.  The city level network had an average degree of 9.59 and the average weighted degree 

was 11.48.  The average weighted degree is important for this network because the edge weight 

describes the number of providers moving between locations (flow of movement).  The locations 

with a higher weighted degree represent hub locations for the activity being studied.  The density 

for the state level network was .334, which indicates 33% of all potential edges were present in 

the network.  The city level density was much lower at .034, which is typical as networks grow 

(more nodes introduced).  The average path length for the state and city networks was 2.33 and 

2.03 respectively.  Short average path lengths are indicative of small world properties, meaning 

any node in the network is able to reach any other node in a short amount of hops.  Table 15 

below provides the descriptive statistics for each network (See Appendix D for full SNA 

reports).  The centrality measures and visualizations are presented below for the state and city 

level graphs.   
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Table 15.  Descriptive Statistics for the Hawai‘i Data Movement Network. 

 State Level  City Level 

Nodes (n) 51 285 

Edges (m) 426 1366 

Average Degree 16.71 9.59 

Avg. Weighted Degree 57.77 11.48 

Network Diameter 7 5 

Density (d) .334 .034 

Avg. Clustering Coefficient .678 .367 

Avg. Path Length 2.33 2.03 

 

Centrality Measures 

A variety of centrality measures were calculated to identify the most central or prominent nodes 

in the network.  Identifying central nodes in the network can expose critical or vulnerable points 

that can be targeted to disrupt network activity.  The centrality measures of main concern to this 

study were degree, eigenvector, and betweenness.  The top 10 ranked states and cities based on 

these centrality measures are presented in Tables 16 and 17 below.  California, Hawai‘i, Texas, 

and Illinois were the most central nodes in the network in terms of degree centrality.  At the city 

level Honolulu, HI; Kona, HI; Maui, HI; and Sacramento, CA were the top four ranked cities 

based on degree centrality.  These nodes have the highest number of edges connecting them with 

other nodes (i.e. they have many neighbors).  Degree centrality identifies hub locations.  In terms 

of this study, many providers were advertised in these locations, suggesting higher levels of 

potential trafficking activity.  California, Hawai‘i, New York, and Illinois were ranked in the top 

four based on eigenvector centrality.  At the city level Honolulu, HI; Kona, HI; Maui, HI; and 

Sacramento, CA were the top four ranked cities based on eigenvector centrality.  Eigenvector 

centrality takes into consideration a node’s degree as well as the degree of its neighbors.  It can 

be large either because a node is highly connected or it is connected to other highly connected 

nodes.  In terms of this study, these locations had both high degree measures and were connected 



113 

 

to each other to form a prominent circuit.  Based on betweenness centrality measures Illinois, 

Tennessee, Pennsylvania, and New Mexico were the most central nodes.  At the city level 

Honolulu, HI; Washington, DC; Kona, HI; and Sacramento, CA ranked in the top four.  These 

nodes lie on the shortest paths between many other nodes.  This implies these states potentially 

fall along many circuits in the network.  These nodes may not at first-glance appear to be 

important because they may not have a high degree in relation to other nodes in the network.  

However, they do present vulnerable points for potential intervention.  It is important to keep in 

mind that the results may be skewed in terms of the sampling method used.  Hub locations were 

selected for the sample to provide a lens to observe this activity.  However, this may have 

implications on the observed movement trends. 

 

Table 16. Hawai‘i Data Advertised Location Network Centrality Measures for the Top 10 States. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 CA .074 CA .852 IL .066 

2 HI .060 HI .802 TN .048 

3 TX .024 NY .299 PA .036 

4 IL .022 IL .254 NM .032 

5 IA .022 VA .229 WA .029 

6 FL .021 TX .195 NY .029 

7 NY .020 IA .189 MN .022 

8 VA .018 CO .183 MA .020 

9 MA .018 FL .177 OR .018 

10 MO .017 MA .169 TX .018 
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Table 17.  Hawai‘i Data Advertised Location Network Centrality Measures for the Top 10 Cities. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 Honolulu, HI .030 Honolulu, HI .746 Honolulu, HI .046 

2 Kona, HI .016 Kona, HI .654 Washington, DC .013 

3 Maui, HI .014 Maui, HI .572 Kona, HI .012 

4 Sacramento, CA .010 Sacramento, CA .263 Sacramento, CA .011 

5 Tulsa, OK .009 San Francisco, CA .225 Tulsa, OK .008 

6 New York, NY .008 New York, NY .218 Los Angeles, CA .008 

7 Washington, DC .008 San Jose, CA .203 Maui, HI .007 

8 San Diego, CA .008 Washington, DC .185 Omaha, NE .006 

9 Omaha, NE .007 San Diego, CA .176 Richmond, VA .005 

10 San Francisco, CA .007 Orange County, CA .164 New York, NY .005 

 

Visualization 

After initial analysis, the network was visualized.  Thresholds were established to filter the data 

based on edge weight to reduce noise and to observe the most prominent circuits.  The thresholds 

were established and data was filtered to observe the top 5-20% of the network: 5% (filtered 

edges with a weight <19), 10% (filtered edges with a weight <15), 15% (filtered edges with a 

weight <11), and 20% (filtered edges with a weight <8).  Table 17 provides the context and 

thresholds of the filtered network.  Filtering the data allowed the locations with the highest 

volume of providers being advertised between them to be displayed.  As the thresholds were 

relaxed greater portions of the network were exposed.  The graphs were visualized using a circle 

layout (center is the highest betweenness centrality) with edges colored and sized by weight.  A 

geospatial analysis was also conducted to visualize the network across a physical plane.  This 

technique allows the data to be represented in a more meaningful way by incorporating a spatial 

dimension.  The graphs and geospatial representation of the filtered network are presented below 

in Figures 39- 43 (See Appendix E for larger state level graphs). 
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Table 18. Hawai‘i Data Location Network Statistics with thresholds in place. 

Network 

Exposed 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density 

(d) 

All None 51 426 1 116 3.46 6.53 .321 

Top 5% <19 5 4 19 116 47.25 42.74 .400 

Top 10% <15 11 11 16 116 28.09 28.80 .200 

Top 15% <11 18 22 11 116 20.10 21.71 .144 

Top 20% <8 22 38 8 116 15.42 17.35 .165 

 

 

Figure 39. Graphical and geospatial visualization of the undirected location network for the Hawai‘i Data.  This graph 

represents the unfiltered network. 

 

 

Figure 40. Visualization of the top 5% of the network for the Hawai‘i Data with data filtered to remove edge weights <19.  
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Figure 41. Visualization of the top 10% of the network for the Hawai‘i Data with data filtered to remove edge weights 

<15.  

 

Figure 42. Visualization of the top 15% of the network for the Hawai‘i Data with data filtered to remove edge weights 

<11. 

 

 

Figure 43. Visualization of the top 20% of the network for the Hawai‘i Data with data filtered to remove edge weights <8. 
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The above diagrams provide a visual of the implementation of various data filters on the network 

data.  Figure 39 displays the unfiltered network, which included a considerable amount of noise and 

did not provide much insight on prominent hubs or circuits.  Thresholds were implemented to 

reduce the noise and allow the most prominent circuits to be observed.  Then, the thresholds 

were incrementally reduced to expose larger portions of the network.  Figure 40 represents the 

top 5% of movement in the network (n=5, m=4).  When data was filtered at this level, the 

prominent circuit consisted of Hawai‘i, California, New York, Illinois, and Arizona.   This 

included a portion of the Western Circuit: California, Hawai‘i, and Arizona (described in Chapter 

2).  Eastern movement trends were also observed with edges between California and Illinois, 

New York, and Arizona.  Figure 41 represents the top 10% of movement in the network (n=11, 

m=11).  When data was filtered at this level, the circuit expanded to include Colorado, Florida, 

Georgia, New Jersey, Texas, and Virginia.  This exposed more of the Western circuit and the hub 

locations of the Eastern circuit.  East coast hubs appeared via edges with California and Hawai‘i.  

When thresholds were reduced to include the top 15% of the network (n=18, m=22), the circuit 

expanded to include DC, Iowa, Massachusetts, Missouri, New Mexico, Nevada, and 

Pennsylvania with edges expanding from the existing hub nodes (See Figure 42).  When 

thresholds were reduced to include the top 20% of the network (n=22, m=38), the circuit 

expanded to include Louisiana, Nebraska, Oklahoma, and Tennessee (See Figure 43). 

 

At the city level, thresholds were also established to filter the data based on edge weight.  The 

city level data was filtered to remove edges with weights <17, <7, <5, and <3 to observe the most 

prominent circuits.  Table 19 provides the context and thresholds of the filtered network.  The 
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graphs and geospatial representation of the filtered network are presented below in Figures 44-49 

(See Appendix F for larger city level graphs).   

 

Table 19. Hawai‘i Data City-Level Network Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 285 1366 1 27 1.20 1.10 .034 

<17 3 3 17 27 21.00 4.73 1.00 

<7 4 4 7 27 17.50 7.62 .667 

<5 10 11 5 27 9.73 7.46 .244 

<3 25 54 3 27 4.54 4.24 .180 

 

 

Figure 44. Graphical and geospatial visualization of the undirected location network for the Hawai‘i Data.  This graph 

represents circuits with an edge weight of 17 or greater. 

 

 

Figure 45. Graphical and geospatial visualization of the undirected location network for the Hawai‘i Data.  This graph 

represents circuits with an edge weight of 7 or greater. 
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Figure 46. Graph of the undirected city-level network for the Hawai‘i Data.  This graph represents circuits with an edge 

weight of 5 or greater. 

 

 

Figure 47. Geospatial visualization of the undirected city-level network for the Hawai‘i Data.  This graph represents 

circuits with an edge weight of 5 or greater. 
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Figure 48. Graph of the undirected city-level network for the Hawai‘i Data.  This graph represents circuits with an edge 

weight of 3 or greater. 

 

 

Figure 49. Geospatial visualization of the undirected city-level network the Hawai‘i Data.  This graph represents circuits 

with an edge weight of 3 or greater. 

 

The above diagrams provide a visual of the implementation of various data filters on the city-

level network.  Figure 44 displays the network with thresholds in place representing circuits with 

an edge weight of 17 or greater.  When data was filtered at this level, the intra-state or micro-
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circuit for Hawai‘i was observed.  The Hawai‘i micro-circuit included movement across three of 

the islands: Oahu, Maui, and Hawai‘i Island.  When data was filtered to display circuits with an 

edge weight of seven or greater, the Hawai‘i circuit expanded to include movement between 

Maui and Sacramento, California (See Figure 45).  Figure 46 and 47 display the network with 

thresholds in place representing circuits with an edge weight of five or greater.  When data was 

filtered at this level, the circuit continued to expand to include Kaua‘i and three more cities in 

California: San Francisco, San Diego, and San Jose.  Movement between Hawai‘i and the east 

coast was also observed at this data filter with edges to New York, NY and Washington, DC.  

Figure 48 and 49 display the network with thresholds in place representing circuits with an edge 

weight of three or greater.  When data was filtered at this level, the circuit continued to expand 

eastward to include Monterey, San Fernando, and Orange County, CA; Las Vegas, NV; Phoenix, 

AZ; Denver, CO; Tulsa, OK; New Orleans, LA; Chicago, IL; Atlanta and Macon, GA; Miami, 

FL; Providence, RI; and Boston, MA.  This circuit included five cities of the Western circuit: 

San Francisco and San Diego, CA; Hawai‘i; Phoenix, AZ; and Denver, CO.  Also, bi-coastal 

traffic was observed with edges between California and New York.    

 

4.3 Portland, Oregon Advertisements 

There was a total of 200 escort advertisements collected from Portland, OR.  The data from the 

advertisements collected from Portland were analyzed separately to observe patterns by source 

location.  The following subsections will provide the results for the Oregon data by research 

question. 
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4.3.1 Indicator Analysis 

To address RQ 1.1 {What potential victims of sex trafficking do we observe by analyzing 

content available in online escort advertisements?}, an audit of Backpage escort advertisements 

was conducted during the study period and analyzed for indicators of online sex trafficking.  The 

raw data from the ads were extracted and converted into research results.  The indicator analysis 

measured the number of indicators present in an advertisement and the frequency of an indicator 

across the sample.  Of the 200 advertisements analyzed, 73% of the ads contained one or more 

indicators and 9% of the ads contained three or more indicators based on the six primary 

indicators.  The number of indicators observed per ad is presented in Figure 48 below.  The 

distribution of ads by indicator was: 108 (54%) Movement, 22 (11%) Shared Management, 48 

(24%) Restricted Movement, 2 (1%) Third Party Language, 40 (20%) Advertised 

Ethnicity/Nationality, and 8 (4%) Potential Commercial Front (AMP).  The number of indicators 

observed per ad and the frequency distribution of indicator by type across the sample is 

presented in Figure 50 below.   

 

 

Figure 50. Oregon Number Indicators per Advertisement and Frequency Distribution of Indicators by Type. 
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Although only 4% of advertisements were linked to potential AMPs, those ads displayed 

multiple high risk characteristics.  There was a high presence of indicators in advertisements for 

potential commercial front locations.  This trend was consistent across the sample.  All 

advertisements contained two or more indicators and 25% of those ads contained five indicators.  

Of the eight advertisements linked to AMPs, 50% contained indicators of movement, 50% 

advertised multiple providers were available, 75% indicated movement was restricted to the 

establishment, and 25% included information on ethnicity.  The advertised ethnic groups were 

Asian (not-specified) and Vietnamese.  Figure 51 below provides information on the amount and 

type of indicator present in advertisements of potential AMPs. 

 

 

Figure 51. Oregon Number Indicators per ad and Frequency Distribution of Indicators by Type for ads indicative of 

AMPs. 

 

Other observations beyond the identified indicators were noted during the indicator analysis 

process.  Of the 200 advertisements analyzed, 40% of the ads contained information on the cost 

for services.  The price ranged from $60 - $300 per hour with an average of $160.  The fee for 

service was referenced in multiple ways to include $, donations, diamonds, roses, kisses, gifts, 



124 

 

shamrocks, numeric only.  Discriminatory statements such as “no Black men” or a stated 

preference for White men were present in 7% of ads.  Law enforcement disclaimers were 

observed in 13% of the ads.   

 

4.3.2 Provider Networks 

To address RQ 1.2 {What provider networks do we observe by analyzing content available in 

online escort advertisements?}, data extracted from the ad analysis was used to identify provider 

networks.  The intent was to determine if it was possible and how to identify the covert networks 

operating at a specific location using data available in online advertisements.  Using advertised 

data a provider network was created.  The nodes represent unique providers and ties represent the 

presence of a ‘shared management’ indicator (described in Chapter 3).  Once the provider 

network was constructed, basic network analysis methods were used to analyze and visualize the 

network.      

 

After excluding duplicate ads, there were 178 unique providers advertised in the Oregon sample.  

Based on the data available in the sample, 13 indicated they were working with other providers 

and 165 were isolates.  Table 20 below outlines the shared management indicator present among 

linked providers.  Shared post ID and shared advertisement indicators allow for network 

structure to be observed.  These indicators are more observable if data is collected daily from the 

same location over a period of time, which allows a providers daily posting activity to be 

observed.   
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Table 20. Oregon Sample Shared Management Indicator Present. 

Structural Indicators Overall Provider Network 

 

Unique Providers 178 

Providers Working 

Together  

13 

Shared Number 4 

Shared Advertisement 11 

Shared Post ID 0 

Multiple 2 

 

The network was sparse with a density of .09, which was reflected in a disconnected network 

composed of 6 weakly connected components or sub-groups with the isolates removed.  The 

isolates were removed as they formed independent components and did not provide information 

on provider networks.  Components ranged in size from two to three providers (See Figure 52).  

Table 21 below provides the characteristics of the network with and without isolates.  The 

network was visualized using the Fruchterman and Reingold layout with nodes colored and sized 

by degree (see Figure 53 below).  It was observed that the larger components were linked to 

potential commercial front establishments such as massage parlors.  Structure was observable in 

the data collected from the Portland ads.  Circled in red is an example of the observation of 

structure using posting behavior.  This scenario may be the observation of the "bottom bitch" in 

the stable.  This is the term for the 'alpha' or top woman in a stable, who is faithful to the pimp 

and trains newcomers.  This provider may be advertised with multiple other women or newer 

women to the stable.  The observation of a provider in multiple ads with various other providers 

could indicate that she holds a special role in the stable.  Centrality measures could be used to 

observe prominent providers (bottom bitches).   
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Table 21. Oregon Provider Network Descriptive Statistics. 

Structural Indicators Oregon Provider Network 

 

Oregon Provider Network 

(165 Isolates Removed) 

Nodes (n) 178 13 

Edges (m) 7 7 

Density (d) .00 .09 

Average Degree .08 1.08 

Components 171 6 

 

 

Figure 52. OR Component Size Distribution (with isolates removed).  
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Figure 53. Visualization of the undirected Oregon provider network with isolates removed.  The visualization depicts 6 

weakly connected components with nodes colored by degree. 

 

4.3.3 Movement Trends 

In order to address RQ 1.3 {What movement trends of potential traffickers or victims (i.e. hubs, 

circuits, etc) do we observe by analyzing content available in online escort advertisements?}, the 

advertisement history for each unique phone number (which served as a proxy for a provider) 

was recorded to identify a provider’s circuit.  After excluding duplicates, there were 182 unique 

phone numbers identified in the Oregon data.  Of the 182 unique phone numbers observed, 129 

phone numbers were advertised in multiple locations (71%).  Based on the advertisement history, 

37 states and 151 cities were represented.  The number of advertised locations ranged from 1 to 

35.  The average number of advertised locations was 5 (SD = 1.00).   

 



128 

 

This information was used to create a provider-by-location matrix, which allowed the movement 

trends to be observed using SNA.  After folding the network, the nodes represented advertised 

locations and edges represented a provider was advertised in both locations (described in Chapter 

3).  After constructing the network, basic network analysis methods were used to analyze the 

data.  This included network properties, centrality measures, and visualization.  The network was 

observed at both the state and city/county level for finer granularity.  Both networks represent the 

same data, but at different levels of analysis.   

 

The state level network had an average degree of 16.04 and the average weighted degree was 

156.16.  The city level network had an average degree of 22.71 and the average weighted degree 

was 37.04.  The average weighted degree is important for this network because the edge weight 

describes the amount of providers moving between locations (flow of movement).  The locations 

with a higher weighted degree represent hub locations for the activity being studied.  The density 

for the state level network was .321, which indicates 32% of all potential edges were present in 

the network.  The city level density was much lower at .080, which is typical as networks grow 

(more nodes introduced).  The average path length for the state and city networks was 2.54 and 

1.91 respectively.  Short average path lengths are indicative of small world properties meaning 

any node in the network is able to reach any other node in a short amount of hops.  Table 22 

below provides the descriptive statistics for each network (See Appendix D for full SNA 

reports).  The centrality measures and visualizations are presented below for the state and city 

level graphs.   
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Table 22. Descriptive Statistics for the Oregon Data Movement Network. 

 State Level  City Level 

Nodes (n) 51 285 

Edges (m) 409 3236 

Average Degree 16.04 22.71 

Avg. Weighted Degree 156.16 37.04 

Network Diameter 8 5 

Density (d) .321 .080 

Avg. Clustering Coefficient .596 .447 

Avg. Path Length 2.54 1.91 

 

Centrality Measures 

A variety of centrality measures were calculated to identify the most central or prominent nodes 

in the network.  Identifying central nodes in the network can expose critical or vulnerable points 

that can be targeted to disrupt network activity.  The centrality measures of main concern to this 

study were degree, eigenvector, and betweenness.  The top 10 ranked states and cities based on 

these centrality measures are presented in Tables 23 and 24 below.  Oregon, Washington, 

California, and Texas were the most central nodes in the network in terms of degree centrality.  

At the city level Portland, OR; Eugene, OR; Seattle, WA; and Salem, OR were the top four 

ranked cities based on degree centrality.  These nodes have the highest number of edges  

connecting them with other nodes (i.e. they have many neighbors).  Degree centrality identifies 

hub locations.  In terms of this study, many providers were advertised in these locations 

suggesting higher levels of potential trafficking activity.  Oregon, Washington, California, and 

Texas ranked in the top four based on eigenvector centrality.  At the city level Portland, OR; 

Eugene, OR; Seattle, WA; and Salem, OR were the top four ranked cities based on eigenvector 

centrality.  Eigenvector centrality is related to degree centrality, so it is not surprising that the 

same locations were top ranked for both measures.   Eigenvector centrality takes into 

consideration a node’s degree as well as the degree of its neighbors.  It can be large either 
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because a node is highly connected or it is connected to other highly connected nodes.  In terms 

of this study, these locations had both high degree measures and were connected to each other to 

form a prominent circuit.  Based on betweenness centrality measures Louisiana, New York, 

Arkansas, and Kentucky were the most central nodes.  At the city level Eugene, Medford, Bend, 

and Salem, OR ranked in the top four.  These nodes lie on the shortest paths between many other 

nodes.  This implies these states potentially fall along many circuits in the network.  These nodes 

may not at first-glance appear to be important because they may not have a high degree in 

relation to other nodes in the network.  However, they do present vulnerable points for potential 

intervention.  It is important to keep in mind that the results may be skewed in terms of the 

sampling method used.  Hub locations were selected for the sample to provide a lens to observe 

this activity.  However, this may have implications on the observed movement trends. 

 

Table 23. Oregon Data Advertised Location Network Centrality Measures for the Top 10 States. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 OR .071 OR .841 LA .057 

2 WA .057 WA .774 NY .040 

3 CA .042 CA .589 AR .037 

4 TX .025 TX .347 KY .034 

5 AZ .018 AZ .251 CT .032 

6 ID .014 ID .201 OK .032 

7 UT .012 UT .167 NM .029 

8 CO .009 HI .129 CO .028 

9 HI .008 CO .119 FL .025 

10 NM .008 NM .108 NE .025 
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Table 24.  Oregon Data Advertised Location Network Centrality Measures for the Top 10 Cities. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 Portland, OR .054 Portland, OR .634 Eugene, OR .020 

2 Eugene, OR .037 Eugene, OR .459 Medford, OR .016 

3 Seattle, WA .034 Seattle, WA .440 Bend, OR .012 

4 Salem, OR .030 Salem, OR .420 Salem, OR .011 

5 Bend, OR .023 Bend, OR .319 Portland, OR .011 

6 Medford, OR .022 Medford, OR .267 Seattle, WA .008 

7 Boise, ID .022 Boise, ID .249 Sacramento, CA .008 

8 Phoenix, AZ .019 Olympia, WA .242 Birmingham, AL .008 

9 Olympia, WA .018 Everett, WA .224 Albuquerque, NM .007 

10 Tri-Cities Airport, 

WA 
.018 Phoenix, AZ .216 Olympia, WA .006 

 

Visualization 

After initial analysis, the network was visualized.  Thresholds were established to filter the data 

based on edge weight to reduce noise and to observe the most prominent circuits.  The thresholds 

were established and data was filtered to observe the top 10-25% of the network: 10% (filtered 

edges with a weight <297), 15% (filtered edges with a weight <105), 20% (filtered edges with a 

weight <66), and 25% (filtered edges with a weight <36).  Table 25 provides the context and 

thresholds of the filtered network.  Filtering the data allowed the locations with the highest 

volume of providers being advertised between them to be displayed.  As the thresholds were 

relaxed greater portions of the network were exposed.  The graphs were visualized using a circle 

layout (center is the highest betweenness centrality) with edges colored and sized by weight.  A 

geospatial analysis was also conducted to visualize the network across a physical plane.  This 

technique allows the data to be represented in a more meaningful way by incorporating a spatial 

dimension.  The graphs and geospatial representation of the filtered network are presented below 

in Figures 54-58 (See Appendix E for larger state level graphs). 
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Table 25. Oregon Data Location Network Statistics with thresholds in place. 

Network 

Exposed 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density 

(d) 

All None 51 409 1 460 9.74 31.10 .321 

Top 10% <297 3 2 297 460 378.50 94.11 .667 

Top 15% <105 4 5 105 460 232.40 138.65 .833 

Top 20% <66 6 11 66 460 145.64 121.76 .733 

Top 25% <36 11 20 36 460 100.90 102.56 .364 

 

 

Figure 54. Graphical and geospatial visualization of the undirected location network for the Oregon Data.  This graph 

represents the unfiltered network. 

 

 

Figure 55. Visualization of the top 10% of the network for the Oregon Data with data filtered to remove edge weights 

<297. 
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Figure 56. Visualization of the top 15% of the network for the Oregon Data with data filtered to remove edge weights 

<105. 

 

 

Figure 57. Visualization of the top 20% of the network for the Oregon Data with data filtered to remove edge weights <66. 

 

 

Figure 58. Visualization of the top 25% of the network for the Oregon Data with data filtered to remove edge weights <36. 
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The above diagrams provide a visual of the implementation of various data filters on the network 

data.  Figure 54 displays the unfiltered network, which included a considerable amount of noise and 

did not provide much insight on prominent hubs or circuits.  Thresholds were implemented to 

reduce the noise and allow the most prominent circuits to be observed.  Then, the thresholds 

were incrementally reduced to expose larger portions of the network.  Figure 55 represents the 

top 10% of movement in the network (n=3, m=2).  When data was filtered at this level, the 

prominent circuit consisted of Oregon, Washington, and California.   These states represent a 

portion of the Western Circuit (described in Chapter 2).  Figure 56 represents the top 15% of 

movement in the network (n=4, m=5).  When data was filtered at this level, the circuit expanded 

to include Texas.  When thresholds were reduced to include the top 20% of the network (n=6, 

m=11), the circuit expanded to include Arizona and Idaho with edges expanding from the 

existing hub nodes (See Figure 57).  When thresholds were reduced to include the top 25% of the 

network (n=11, m=20), the circuit expanded to include Colorado, Georgia, Hawai‘i, New 

Mexico, and Utah (See Figure 58).  This circuit included the entire Western Circuit and 

movement to the east coast. 

 

At the city level, thresholds were also established to filter the data based on edge weight.  The 

city level data was filtered to remove edges with weights <20, <15, <10, and <7 to observe the 

most prominent circuits.  Table 26 provides the context and thresholds of the filtered network.  

The graphs and geospatial representation of the filtered network are presented below in Figures 

59-62 (See Appendix F for larger city level graphs).   
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Table 26. Oregon Data City-Level Network Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 285 3236 1 40 1.63 1.95 .080 

<20 5 5 24 40 32.20 7.19 .500 

<15 9 12 15 40 22.75 9.38 .333 

<10 16 28 10 40 16.79 8.07 .233 

<7 26 61 7 40 11.90 7.09 .188 

 

 

Figure 59. Graphical and geospatial visualization of the undirected location network for the Oregon Data.  This graph 

represents circuits with an edge weight of 20 or greater. 

 

 

Figure 60. Graphical and geospatial visualization of the undirected location network for the Oregon Data.  This graph 

represents circuits with an edge weight of 15 or greater. 
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Figure 61. Graphical and geospatial visualization of the undirected location network for the Oregon Data.  This graph 

represents circuits with an edge weight of 10 or greater. 

 

 

Figure 62. Graphical and geospatial visualization of the undirected location network for the Oregon Data.  This graph 

represents circuits with an edge weight of 7 or greater. 

 

The above diagrams provide a visual of the implementation of various data filters on the city-

level network.  Figure 59 displays the network with thresholds in place representing circuits with 

an edge weight of 20 or greater.  When data was filtered at this level, the intra-state or micro-

circuit for Oregon was observed.  The prominent Oregon micro-circuit included Portland, 



137 

 

Eugene, Salem, and Bend, OR.  It also included movement to Seattle, WA.  When data was 

filtered to display circuits with an edge weight of 15 or greater, the Oregon circuit expanded to 

include Medford, OR; Everett, Olympia, and Vancouver, WA (See Figure 60).  Figure 61 

displays the network with thresholds in place representing circuits with an edge weight of 10 or 

greater.  When data was filtered at this level, the circuit continued to expand to include larger 

portions of Oregon and Washington as well as Phoenix, AZ, Los Angeles, CA, and Boise, ID.  

Figure 62 displays the network with thresholds in place representing circuits with an edge weight 

of seven or greater.  When data was filtered at this level, the circuit continued to expand to 

include larger portions of California; Las Vegas, NV; Denver, CO; and Salt Lake City, UT.  At 

this level, all cities of the Western Circuit were observed except San Diego, CA and Hawai‘i.  

 

4.4 Miami, Florida Advertisements 

There was a total of 200 escort advertisements collected from Miami, FL.  The data from the 

advertisements collected from Miami were analyzed separately to observe patterns by source 

location.  The following subsections will provide the results for the Florida data by research 

question. 

 

4.4.1 Indicator Analysis 

To address RQ 1.1 {What potential victims of sex trafficking do we observe by analyzing 

content available in online escort advertisements?}, an audit of Backpage escort advertisements 

was conducted during the study period and analyzed for indicators of online sex trafficking.  The 

raw data from the ads were extracted and converted into research results.  The indicator analysis 

measured the number of indicators present in an advertisement and the frequency of an indicator 
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across the sample.  Of the 200 advertisements analyzed, 66% of the ads contained one or more 

indicators and 11% of the ads contained three or more indicators based on the six primary 

indicators.  The distribution of ads by indicator was: 69 (35%) Movement, 32 (16%) Shared 

Management, 44 (22%) Restricted Movement, 5 (3%) Third Party Language, 69 (35%) 

Advertised Ethnicity/Nationality, and 8 (4%) Potential Commercial Front (AMP).  The number 

of indicators observed per ad and the frequency distribution of indicator by type across the 

sample is presented in Figure 63 below.   

 

 

Figure 63. Florida Number Indicators per Advertisement and Frequency Distribution of Indicators by Type. 

 

Although only 4% of advertisements were linked to potential AMPs, those ads displayed 

multiple high risk characteristics.  There was a high presence of indicators in advertisements for 

potential commercial front locations.  This trend was consistent across the sample.  All 

advertisements contained one or more indicators and 50% of those ads contained four indicators.  

Of the eight advertisements linked to AMPs, 38% contained indicators of movement, 100% 

advertised multiple providers were available, 75% indicated movement was restricted to the 

establishment, and 50% included information on ethnicity.  The advertised ethnic groups were 
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Asian and Latin.  Figure 64 below provides information on the amount and type of indicator 

present in advertisements of potential AMPs. 

 

 

Figure 64. Florida Number Indicators per ad and Frequency Distribution of Indicators by Type for ads indicative of 

AMPs. 

 

 

Other observations beyond the identified indicators were noted during the indicator analysis 

process.  Of the 200 advertisements analyzed, 30% of the ads contained information on the cost 

for services.  The price ranged from $40 - $300 per hour with an average of $117.  The fee for 

service was referenced in multiple ways to include $, donations, roses, kisses, smiles, and 

numeric only.  Discriminatory statements such as “no Black men” or a stated preference for 

White men were present in 13% of ads.  Law enforcement disclaimers were observed in 13% of 

the ads.   

 

4.4.2 Provider Networks 

To address RQ 1.2 {What provider networks do we observe by analyzing content available in 

online escort advertisements?}, data extracted from the ad analysis was used to identify provider 
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networks.  The intent was to determine if it was possible and how to identify the covert networks 

operating at a specific location using data available in online advertisements.  Using advertised 

data a provider network was created.  The nodes represent unique providers and ties represent the 

presence of a ‘shared management’ indicator (described in Chapter 3).  Once the provider 

network was constructed, basic network analysis methods were used to analyze and visualize the 

network.      

 

After excluding duplicate ads, there were 227 unique providers advertised in the Florida sample.  

Based on the data available in the sample, 69 indicated they were working with other providers 

and 158 were isolates.  Table 27 below outlines the shared management indicator present among 

linked providers.  Shared post ID and shared advertisement indicators allow for network 

structure to be observed.  These indicators are more observable if data is collected daily from the 

same location over a period of time, which allows a provider’s daily posting activity to be 

observed.   

 

Table 27. Florida Sample Shared Management Indicator Present. 

Structural Indicators Overall Provider Network 

 

Unique Providers 227 

Providers Working 

Together  

69 

Shared Number 19 

Shared Advertisement 64 

Shared Post ID 0 

Multiple 14 

 

The network was sparse with a density of .01, which was reflected in a disconnected network 

composed of 20 weakly connected components or sub-groups with the isolates removed.  The 
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isolates were removed as they formed independent components and did not provide information 

on provider networks.  Components ranged in size from two to 12 providers (See Figure 28).  

Table 28 below provides the characteristics of the network with and without isolates.  The 

network was visualized using the Fruchterman and Reingold layout with nodes colored and sized 

by degree (see Figure 29 below).  It was observed that the larger components were linked to 

potential commercial front establishments such as massage parlors.   

 

Table 28. Florida Provider Network Descriptive Statistics. 

Structural Indicators Florida Provider Network 

 

Florida Provider Network 

(158 Isolates Removed) 

Nodes (n) 227 69 

Edges (m) 162 162 

Density (d) .01 .07 

Average Degree 1.43 4.70 

Components 178 20 

 

 

Figure 65. FL Component Size Distribution (with isolates removed). 
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Figure 66. Visualization of the undirected Florida provider network with isolates removed.  The visualization depicts 20 

weakly connected components with nodes colored and sized by degree. 

 

4.4.3 Movement Trends 

In order to address RQ 1.3 {What movement trends of potential traffickers or victims (i.e. hubs, 

circuits, etc) do we observe by analyzing content available in online escort advertisements?}, the 

advertisement history for each unique phone number (which served as a proxy for a provider) 

was recorded to identify a provider’s circuit.  After excluding duplicates, there were 196 unique 

phone numbers identified in the Florida data.  Of the 196 unique phone numbers observed, 142 

phone numbers were advertised in multiple locations (72%).  Based on the advertisement history, 

27 states and 77 cities were represented.  The number of advertised locations ranged from 1 to 

16.  The average number of advertised locations was 3 (SD = 2.00).   
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This information was used to create a provider-by-location matrix, which allowed the movement 

trends to be observed using SNA.  After folding the network, the nodes represented advertised 

locations and edges represented a provider was advertised in both locations (described in Chapter 

3).  After constructing the network, basic network analysis methods were used to analyze the 

data.  This included network properties, centrality measures, and visualization.  The network was 

observed at both the state and city/county level for finer granularity.  Both networks represent the 

same data, but at different levels of analysis.   

 

The state level network had an average degree of 4.28 and the average weighted degree was 

17.26.  The city level network had an average degree of 4.74 and the average weighted degree 

was 7.54.  The average weighted degree is important for this network because the edge weight 

describes the number of providers moving between locations (flow of movement).  The locations 

with a higher weighted degree represent hub locations for the activity being studied.  The density 

for the state level network was .085, which indicates 8% of all potential edges were present in 

the network.  The city level density was .017.  The average path length for the state and city 

networks was 2.99 and 2.42 respectively.  Short average path lengths are indicative of small 

world properties, meaning any node in the network is able to reach any other node in a short 

amount of hops.  Table 29 below provides the descriptive statistics for each network (See 

Appendix D for full SNA reports).  The centrality measures and visualizations are presented 

below for the state and city level graphs.   
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Table 29. Descriptive Statistics for the Florida Data Movement Network. 

 State Level  City Level 

Nodes (n) 51 285 

Edges (m) 109 675 

Average Degree 4.28 4.74 

Avg. Weighted Degree 17.26 7.54 

Network Diameter 7 5 

Density (d) .085 .017 

Avg. Clustering Coefficient .408 .342 

Avg. Path Length 2.99 2.42 

 

Centrality Measures 

A variety of centrality measures were calculated to identify the most central or prominent nodes 

in the network.  Identifying central nodes in the network can expose critical or vulnerable points 

that can be targeted to disrupt network activity.  The centrality measures of main concern to this 

study were degree, eigenvector, and betweenness.  The top 10 ranked states and cities based on 

these centrality measures are presented in Tables 30 and 31 below.  Florida, North Carolina, 

Alabama, and New York were the most central nodes in the network in terms of degree 

centrality.  At the city level Miami, Ft. Lauderdale, West Palm Beach, and Orlando, FL were the 

top four ranked cities based on degree centrality.  These nodes have the highest number of edges  

connecting them with other nodes (i.e. they have many neighbors).  Degree centrality identifies 

hub locations.  In terms of this study, many providers were advertised in these locations, 

suggesting higher levels of potential trafficking activity.  Florida, North Carolina, Texas, and 

Alabama ranked in the top four based on eigenvector centrality.  At the city level Miami, Ft. 

Lauderdale, West Palm Beach, and Hollywood, FL were the top four ranked cities based on 

eigenvector centrality.  Eigenvector centrality takes into consideration a node’s degree as well as 

the degree of its neighbors.  It can be large either because a node is highly connected or it is 

connected to other highly connected nodes.  In terms of this study, these locations had both high 
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degree measures and were connected to each other to form a prominent circuit.  Based on 

betweenness centrality measures Georgia, Alabama, Maryland, and Texas were the most central 

nodes.  At the city level Ft Lauderdale, Miami, South Beach, and West Palm Beach, FL ranked 

in the top four.  These nodes lie on the shortest paths between many other nodes.  This implies 

these states potentially fall along many circuits in the network.  These nodes may not at first-

glance appear to be important because they may not have a high degree in relation to other nodes 

in the network.  However, they do present vulnerable points for potential intervention.  It is 

important to keep in mind that the results may be skewed in terms of the sampling method used.  

Hub locations were selected for the sample to provide a lens to observe this activity.  However, 

this may have implications on the observed movement trends. 

 

Table 30. Florida Data Advertised Location Network Centrality Measures for the Top 10 States. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 FL .162 FL .934 GA .061 

2 NC .046 NC .495 AL .049 

3 AL .034 TX .402 MD .047 

4 NY .032 AL .401 TX .044 

5 TX .031 NY .357 NC .043 

6 GA .022 NJ .275 FL .040 

7 NJ .021 GA .272 SC .026 

8 MD .019 VA .232 PA .021 

9 VA .019 MD .220 NJ .018 

10 DC .016 OH .191 TN .009 
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Table 31. Florida Data Advertised Location Network Centrality Measures for the Top 10 Cities. 

Rank Degree 

Centrality 

Value Eigenvector 

Centrality 

Value Betweenness 

Centrality 

Value 

1 Miami, FL .018 Ft. Lauderdale, FL .834 Ft. Lauderdale, FL .044 

2 Ft. Lauderdale, FL .017 Miami, FL .775 Miami, FL .041 

3 W. Palm Beach, FL .008 W. Palm Beach, FL .545 South Beach, FL .014 

4 Orlando, FL .005 Hollywood, FL .326 W. Palm Beach, FL .013 

5 Hollywood, FL .005 Orlando, FL .270 Tampa, FL .012 

6 Tampa, FL .004 Tampa, FL .149 Okeechobee, FL .010 

7 South Beach, FL .004 Boca Raton, FL .136 Orlando, FL .007 

8 Charlotte, NC .003 Okeechobee, FL .134 Hollywood, FL .006 

9 Daytona, FL .002 South Beach, FL .121 Daytona, FL .005 

10 Baltimore, MD .002 Hallandale, FL .118 Baltimore, MD .004 

 

Visualization 

After initial analysis, the network was visualized.  Thresholds were established to filter the data 

based on edge weight to reduce noise and to observe the most prominent circuits.  The thresholds 

were established and data was filtered to observe the top 10-25% of the network: 10% (filtered 

edges with a weight <28), 15% (filtered edges with a weight <20), 20% (filtered edges with a 

weight <16), and 25% (filtered edges with a weight <10).  Table 32 provides the context and 

thresholds of the filtered network.  Filtering the data allowed the locations with the highest 

volume of providers being advertised between them to be displayed.  As the thresholds were 

relaxed greater portions of the network were exposed.  The graphs were visualized using a circle 

layout (center is the highest betweenness centrality) with edges colored and sized by weight.  A 

geospatial analysis was also conducted to visualize the network across a physical plane.  This 

technique allows the data to be represented in a more meaningful way by incorporating a spatial 

dimension.  The graphs and geospatial representation of the filtered network are presented below 

in Figures 67-71 (See Appendix E for larger state level graphs). 
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Table 32. Florida Data Location Network Statistics with thresholds in place. 

Network 

Exposed 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density 

(d) 

All None 51 109 1 34 4.04 6.17 .085 

Top 10% <28 4 3 28 34 30.33 2.89 .500 

Top 15% <20 6 5 20 34 27.40 4.79 .333 

Top 20% <16 8 7 16 34 24.43 6.32 .250 

Top 25% <10 14 13 10 34 18.38 8.14 .143 

 

 

Figure 67. Graphical and geospatial visualization of the undirected location network for the Florida Data.  This graph 

represents the unfiltered network. 

 

 

Figure 68. Visualization of the top 10% of the network for the Florida Data with data filtered to remove edge weights <28. 
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Figure 69. Visualization of the top 15% of the network for the Florida Data with data filtered to remove edge weights <20. 

 

Figure 70. Visualization of the top 20% of the network for the Florida Data with data filtered to remove edge weights <16. 

 

Figure 71. Visualization of the top 25% of the network for the Florida Data with data filtered to remove edge weights <10. 
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The above diagrams provide a visual of the implementation of various data filters on the network 

data.  Figure 67 displays the unfiltered network, which included a considerable amount of noise and 

did not provide much insight on prominent hubs or circuits.  Thresholds were implemented to 

reduce the noise and allow the most prominent circuits to be observed.  Then, the thresholds 

were incrementally reduced to expose larger portions of the network.  Figure 68 represents the 

top 10% of movement in the network (n=4, m=3).  When data was filtered at this level, the 

prominent circuit consisted of Florida, North Carolina, Texas, and Alabama.   Figure 69 

represents the top 15% of movement in the network (n=6, m=5).  When data was filtered at this 

level, the circuit expanded to include New York and New Jersey.  The hub states of the Eastern 

Circuit were observed.  (described in Ch. 2).  When thresholds were reduced to include the top 

20% of the network (n=8, m=7), the circuit expanded to include Georgia and Virginia exposing 

larger portions of the Eastern circuit (See Figure 70).  When thresholds were reduced to include 

the top 25% of the network (n=14, m=13), the circuit expanded to include California, Maryland, 

Mississippi, Ohio, South Carolina, and Wisconsin (See Figure 71).  This circuit included 

movement along most of the East Coast states and bi-coastal movement to California.   

 

At the city level, thresholds were also established to filter the data based on edge weight.  The 

city level data was filtered to remove edges with weights <20, <10, <5, and <3 to observe the 

most prominent circuits.  Table 33 provides the context and thresholds of the filtered network.  

The graphs and geospatial representation of the filtered network are presented below in Figures 

72-75 (See Appendix F for larger city level graphs).   
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Table 33. Florida Data City-Level Network Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 285 675 1 54 1.59 2.84 .017 

<20 4 4 22 54 32.75 13.76 .667 

<10 6 7 10 54 23.29 15.19 .467 

<5 15 23 5 54 11.30 11.50 .219 

<3 34 54 3 54 6.78 8.43 .096 

 

 

Figure 72. Graphical and geospatial visualization of the undirected location network for the Florida Data.  This graph 

represents circuits with an edge weight of 20 or greater. 

 

 

Figure 73. Graphical and geospatial visualization of the undirected location network for the Florida Data.  This graph 

represents circuits with an edge weight of 10 or greater. 

 



151 

 

 

Figure 74. Graphical and geospatial visualization of the undirected location network for the Florida Data.  This graph 

represents circuits with an edge weight of 5 or greater. 

 

 

Figure 75. Graphical and geospatial visualization of the undirected location network for the Florida Data.  This graph 

represents circuits with an edge weight of 3 or greater. 

 

The above diagrams provide a visual of the implementation of various data filters on the city-

level network.  Figure 72 displays the network with thresholds in place representing circuits with 

an edge weight of 20 or greater.  When data was filtered at this level, the intra-state or micro-

circuit for Florida was observed.  The prominent Florida micro-circuit included Miami, Ft. 

Lauderdale, West Palm Beach, and Hollywood.  When data was filtered to display circuits with 

an edge weight of 10 or greater, the Florida circuit expanded to include South Beach and 
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Orlando (See Figure 73).  Figure 74 displays the network with thresholds in place representing 

circuits with an edge weight of five or greater.  When data was filtered at this level, the circuit 

continued to expand to include larger portions of Florida.  Figure 75 displays the network with 

thresholds in place representing circuits with an edge weight of three or greater.  When data was 

filtered at this level, the circuit continued to expand to include larger portions of Florida and 

movement to other cities along the East coast to include: Washington, DC; Baltimore, MD; 

Charlotte, NC, and Newark NJ exposing portions of the Eastern Circuit.   

 

4.5 Discussion 

4.5.1 RQ 1.1 Identification of Potential Victims 

This study demonstrated that content available in online escort advertisements can be used to 

identify potential sex trafficked victims.  Using content from online escort advertisements, it is 

possible to detect indicators of sex trafficking, which may help identify potential victims in 

online environments.  Known indicators of sex trafficking in the physical environment were used 

to develop a virtual sex trafficking indicator codebook.  Based on these virtual indicators ads 

were analyzed and identified as having potential links to sex trafficking.  The ads were analyzed 

by the amount and type of indicator present.  This data could be used to develop cybercrime 

monitoring and filtering tools.  Ads containing trafficking indicators raise red flags to potential 

criminal activity allowing high risk ads to be identified.  In January 2013, there were 75,662 

escort and body-rub listings posted on Backpage (Whittaker, 2013).  The volume of 

advertisements makes it difficult for law enforcement to address this issue.  Hidden among the 

ads for commercial sex workers, are advertisements for sex trafficked victims.  The NHTRC 
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(2013) found that a majority of reported pimp-controlled sex trafficking incidents were 

advertised or facilitated online.   

 

Understanding the ways this community is using the Internet (hub sites, important data fields, 

and how to use that data) provides researchers with insight on how to design systems to automate 

this process.  Virtual indicators of sex trafficking were observed in 75% of the ads in the sample.  

The type of indicator present is also an important element of the analysis.  For example, the 

initial content analysis served as the foundation for additional analysis to be completed.  Using 

the data extracted from the content analysis, ads containing two of the primary indicators of 

trafficking (shared management and movement) were further analyzed to identify additional 

patterns of activity, which allowed provider networks and movement trends to be observed.  

These ads would be classified as a higher risk due to the presents of indicators linked to potential 

covert network activity.  The presence of sex trafficking indicators does not prove trafficking is 

occurring, but it does identify high-risk ads requiring further investigation.   

 

A NHTRC (2013) study, found commercial front brothels accounted for 15% of reported sex 

trafficked cases between 2007 and 2012.  Commercial front brothels attempt to disguise illicit 

activity by appearing to operate legitimate businesses.  Many of these locations advertise 

services for massage, acupuncture, or other spa related activities.  In the current study, indicators 

of commercial front brothels or AMPs were observed in 10% of the sample.  Advertisements 

linked to potential commercial front brothels displayed multiple high-risk characteristics.  These 

ads contained multiple indicators as well as indicators of travel from foreign locations and 

restricted movement to the establishments.  These advertisements displayed indicators of 
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international trafficking.  The advertisements indicated the women were foreign by stating the 

ethnic background or country of origin and statements indicating that they had just arrived.  This 

observation is consistent with a study done by NHTRC (2013) examining human trafficking 

trends in the U.S.  They found that 53% of sex trafficked victims reported in commercial front 

brothels were foreign nationals.  There were also regional differences noted.  Advertisements for 

AMPs were more common in Hawai‘i (20% of the ads) compared to Oregon (5%) and Florida 

(4%).  This indicates Hawai‘i is a potential hub for both domestic and transnational sex 

trafficking.  This trend may be due to its geographic location in the Pacific between the U.S. and 

Asia as the most prominent ethnic group in these ads was Asian.  

 

Other observations beyond the identified indicators were noted during the content analysis 

process.  It’s possible to gauge the market in a certain area based on the volume of ads posted.  

This could involve temporal elements to measure the flux in ad volume around the time of 

specific events, such as large conventions or sporting events.  Major sporting events are targets 

for sex trafficking with increased demand due to the influx of people surrounding the event 

(Latonero, 2011).  Some demographic information can also be collected via advertisements such 

as age, ethnicity, gender, pricing information, etc.  Demographic information could be 

incorporated into the network analysis as nodal attributes.  This type of information could be 

used to identify other patterns of activity beyond the context of the current study.  For example, 

ethnic minority groups were prevalent in the sample and this is consistent with the literature.  

The dominant ethnic groups in the sample were Asian followed by Hispanic/Latin, mixed race, 

and Black.  These four groups ranked in the top four across the sample with minor variations by 

region.  Ethnic minorities often represent vulnerable segments of the population, which are 
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targeted by traffickers.  Racial and discriminatory themes were also observed in the content of 

the ads.  A portion of the ads included discriminatory remarks toward certain ethnic groups.  In 

the ads, the provider either excluded certain groups or stated a preference toward a specific 

group.   

 

The use of still images is very common in the advertisements with the vast majority of 

advertisements including at least one photo.  Many of the advertisements include multiple photos 

of a provider or providers.  A trend that has started since the data collection for the pilot study 

(January 2013) was the use of video clips in the advertisements.  The inclusion of videos on 

Backpage is an upgraded feature of the website.  Videos were not a significant trend: 

approximately 3% of advertisements included video, but it is a noteworthy trend.  Images and 

video are information rich and can be used by law enforcement or researchers to obtain data.  

Images and video were not analyzed for this study, but could be used in future research.  Images 

and video can be analyzed to identify potential minors based on appearance or hidden codes 

within the image.  Images are sometimes embedded with code to indicate a provider is a minor.  

For example, photos may signal the provider is a minor by including childish items such as teddy 

bears or lollipops.   

 

4.5.2 RQ 1.2 Identification of Provider Networks 

This study demonstrated that the content available in online escort advertisements can be used to 

identify provider networks.  Content within ads indicating multiple providers were working 

together was used to observe provider networks.  Groups of women being advertised together 

alludes to an organized activity or some type of control mechanism that may be hidden.  Using 
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the data related to the ‘Shared Management’ indicator allowed provider networks to be 

constructed and visualized.  This data included: shared ad, shared phone number, and shared post 

ID.  Provider networks were observed across the sample depicting the various criminal 

subgroups operating within an area.  However, there were no indications of providers at the 

different advertisement source locations working together.   Identifying provider networks 

indicates that groups of women are working together or belong to the same trafficker/pimp.  

Pimp-controlled prostitution is a form of sex trafficking.  These women are not independent 

prostitutes acting on their own freewill, but part of a larger, organized operation.   

 

The use of social network analysis proved to be an effective method in identifying provider 

networks.  It allowed the subgroups of providers working together to be visualized; this displays 

a pimp’s stable.  Network visualization is a useful tool that allows patterns to be observed that 

may not otherwise be apparent in text-based data.  By analyzing ad content related to the ‘Shared 

Management’ indicator relational patterns between providers were observable.  Using this 

method, 44 different subgroups were identified in the sample.  The ads collected from Hawai‘i 

and Florida allowed for multiple sub-groups to be observed, while the ads from Oregon included 

limited data on provider networks.  There were 18 subgroups identified in the Hawai‘i sample 

and 20 different subgroups in the Florida advertisements.  The Oregon sample included 

indicators that six subgroups were operating in the area at the time of the sample.  Identifying the 

number of provider networks operating within an area presents useful intelligence that could be 

used by law enforcement.  It also provides insight on the demand in a given area.  Sex trafficking 

operates on the principles of supply and demand.  Traffickers move women around to various 
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locations based on potential for profit.  Areas with higher demand will draw more traffickers into 

the region (i.e. multiple subgroups operating in an area).   

 

The provider networks identified in the sample ranged in size from two to twelve.  There were 

different trends associated with different sized networks.  The larger networks appeared to be 

linked to massage parlors, which are often commercial front brothels.  Advertisements for 

massage parlors were more common in Hawai‘i and Florida and often included multiple women 

in one advertisement.  Numerous ads were posted for duos, which is a trend in the market.  These 

ads offer the opportunity for Johns to experience multiple partners at the same time, which may 

be enticing to Johns, setting that ad above the rest.  Also, offering duos allows traffickers to 

‘break-in’ new providers.  Newer providers are often paired with a seasoned provider or ‘bottom 

bitch’ to learn the rules and expectations of the ‘game’ (lifestyle).  It is the same concept as job 

shadowing found in other industries.  The potential for structural analysis is discussed below 

under lessons learned.  Identifying the size of a provider network is important in gauging the size 

of a traffickers operation.  A stable is the group of providers controlled by a pimp or trafficker.  

Identifying the size of a trafficker’s stable provides insight on the size of the operation.  Is it a 

small time operation or a full-scale organized criminal network?   

 

The resulting network structure may be due to the nature of covert network data and these graph 

representations are a portion of a larger network (data not easily accessible due to the illicit 

nature of the network).  Often times there are hidden actors not visible through public data and 

missing edges due to incomplete data (the large number of isolates).  However, it does allow a 

portion of the network to be observed and exploited to obtain further information on the larger 
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network.  This limitation has been noted in the literature on covert networks and in the current 

study.  Also, the network structures identified are consistent with the literature on covert 

networks (terminology used in literature - cellular, dispersed, disconnected).  The provider 

network consisted of multiple components potentially representing various factions operating in 

that location.  Collecting data over time may allow larger portions of the network to be observed.   

 

4.5.3 RQ 1.3 Identification of Movement Trends 

This study demonstrated that content available in online escort advertisements can be used to 

observe movement patterns across the U.S.  The data that is important to track movement 

includes phone number and advertisement history.  Tracking phone numbers proved to be an 

effective method for detecting movement.  Phone numbers are embedded in online 

advertisements serving as the link between the virtual and physical environments.  In order to 

coordinate services a phone number is provided in advertisements.  It is also an integral element 

of product branding tied to the provider’s online reputation through customer reviews.  Due to 

the archival nature of the Internet advertisement history can be viewed using a phone number as 

the search term.  Escort review sites compile a list of a provider’s advertisement history and 

reviews for Johns to review her legitimacy before purchasing services.  A list of all the cities a 

provider has been advertised is included on these sites, making a provider’s circuit accessible.  In 

advertisements, providers will often reference their phone numbers as a search term to access 

their reviews.  

 

Transnational sex trafficking movement flows have been identified depicting the general flow of 

trafficked victims from source to destination countries.  The U.S. has been identified as the 
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second leading destination country for sex trafficking.  In addition to international trafficking, 

many of the women involved in sex trafficking within the U.S. are American citizens and include 

minors.  The NHTRC (2013) report found that 60% of sex trafficked victims involved in pimp-

controlled prostitution were U.S. citizens.  However, sex trafficking flows within the U.S. are 

unknown.  Kreyling et al. (2011), noted there is a lack of evidenced based means of assessing the 

scale, movement, and general operation of domestic minor sex trafficking. 

 

This study aimed to provide a systematic means of assessing potential sex trafficking movement 

trends within the U.S.  The goal was to develop a method to identify and to create a map of the 

movement trends within the U.S.  Movement trends were analyzed using social network analysis 

methods to identify covert network activity.  By incorporating geospatial data, the graphs were 

overlaid on maps to observe trends across the physical space.  By doing this the most prominent 

hub locations (state and city level) were identifiable based on the advertisement activity of the 

market.  A distinct feature of covert networks is the consistent need to balance secrecy with 

operational efficiency (Baccara & Bar-Isaac, 2006; Baker & Faulkner, 1993; Kalm, 2013; 

Lindelauf, et al., 2009; McCormick & Owen, 2000; Morselli, et al., 2007).  Covert networks are 

forced to communicate to external audiences to maintain operations, yet challenged to disguise 

their illicit activities due to potential law enforcement intervention.  This presents a vulnerability 

to covert network operations that can be exploited to observe patterns of activity.  In this case, 

SNA allowed provider movement patterns across the U.S to be observed.   

 

Movement trends were analyzed at various levels (national, regional, and state level).  Maps 

identifying the most prominent hubs and circuits were produced by incorporating geospatial data 
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with social network analysis. At the national level, the most prominent movement trends across 

the U.S. were observed using data from the overall sample (combined advertisement data from 

three regional hubs).  The movement trends observed were consistent with known trafficking 

hubs and circuits based on retrospective law enforcement data.  The Western Circuit, which 

includes Seattle, Washington; Portland, Oregon; San Francisco, Los Angeles, and San Diego, 

California; Hawai‘i; Phoenix, Arizona; Denver, Colorado; and Salt Lake City, Utah was 

observed in the sample.  The Eastern Circuit, which includes cities along the eastern region from 

New York to Florida, was also present in the data.  Bi-coastal traffic was observed in the top 

20% of the movement network.  In contrast with retrospective data, this method could provide a 

prospective tool for law enforcement and service providers to identify potential trafficking cases 

and develop anti-trafficking strategies.   

 

The data was analyzed by ad source location also.  Analysis by ad source location allowed for 

regional trends and movement patterns to be observed.  The prominent movement trends from 

the source locations varied.  The Portland circuit expanded along the Western region of the U.S. 

to neighboring states as expected with the use of the roadways to transport providers.  The circuit 

expanded to the East coast at reduced thresholds (top 25% of the network exposed).  Also, the 

providers from this sample were advertised in many different locations with one provider being 

advertised in 35 different cities.  The Miami circuit expanded throughout Florida, and then to 

neighboring states along the East coast.  Similarly to the Portland circuit, bi-coastal movement 

was observed at reduced thresholds (top 25% of the network exposed) in the Miami circuit.  The 

providers in this sample were advertised in far less cities than the providers from the other two 

source locations.  Thus the Miami centered circuit was not as vast as the other locations.  It 
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included 77 different cities compared to 151 cities in the Portland circuit and 122 cities in the 

Hawai‘i circuit.  The Hawai‘i centered circuit included four of the major islands, and then 

extended to California.  A significant difference with the Hawai‘i circuit compared to the other 

source locations was the observance of bi-coastal traffic with the most restrictive data filters in 

place.  Bi-coastal movement was observed in the top 5% of the network.  This is due to its 

geographic location.  A unique characteristic of Hawai‘i is its geographically isolated and 

dispersed requiring the use of airways to access the state and other islands.  Providers are forced 

to access the state via airways, thus movement patterns are not restricted by roadways and appear 

different than inter-continental trends seen in the Portland and Miami circuits.  Movement to 

Hawai‘i entails a higher risk due to the security measures associated with air travel, cost of air 

travel, and the inability to earn profits during travel.  On the continental U.S., providers are 

transported along major roadways and sold at truck stops along the way, allowing traffickers to 

continue operations during travel (Operation Broken Silence, 2012).  Yet in spite of the costs and 

risks, Hawai‘i being a destination location with a thriving market ensures that travel is profitable 

and worth the risk.   

 

A multi-level analysis provided a closer look at the movement trends by drilling down to the city 

level of activity.  Prominent hub cities for potential trafficking activity and city level circuits 

were identified using the city level data.  This allowed movement trends into and out of the state 

as well as within the state to be observed.  The analysis of city-level data illustrates the ability of 

traffickers to extend their reach beyond prominent cities to remote or rural locations via online 

advertisements.  An analysis of the micro-circuits within the top 5 hub states identified in the 
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overall sample was completed.  This exposed micro-circuits (intra-state) for those states.  State 

level data provides insight for local level intervention.   

 

In addition to observing and mapping prominent circuits, network centrality measures were used 

to identify hotspots or hub locations.  The literature states crime is not evenly distributed across a 

geographic space, but concentrated in some areas.  Identifying the most central nodes exposes 

vulnerability in the network.  In studies conducted by Xu et. al (2013), centrality measures 

proved to be an effective technique to expose critical points in covert networks allowing better 

strategies to be developed to disrupt criminal activity.  Degree and Eigenvector centrality 

measures exposed hub locations with the highest volume of movement between them.  These 

locations can be targeted for intervention being that the most amount of activity occurs in these 

areas.  The results based on these measures were consistent with known trafficking trends.  

Betweenness centrality measures were useful in identifying the locations that lie on the shortest 

paths.  They may not have the highest volume of activity, but appear to be common stops along 

circuits.  Locations with high betweenness centrality are prominent in the network because they 

connect many other locations that may not otherwise be connected.  Nodes with the highest 

betweenness centrality present a vulnerable point in the network and would disrupt network 

activity if targeted as they lie on the most paths between other nodes.   The locations identified 

by this measure may not have been known as prominent locations based on available law 

enforcement statistics. 

 

These findings suggest that traffickers are using both road and airways to extend the reach of 

their networks.  Prevention and deterrent activity has primarily focused on the use of roadways 
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with interventions being established at truck stops (Operation Broken Silence, 2012).  The 

observance of traffickers using both road and airways to extend their operations presents 

potential intervention points via bottlenecks in the supply flow (Ibanez & Suthers, 2014).  

Traffickers may be harder to detect when traveling along roadways.  The use of airways is of 

higher risk due to the security measures implemented at airports.  Air travel requires 

identification and high levels of security screening.  Training security personnel to screen for 

indicators of potentially trafficked persons could pose an effective intervention strategy.  Similar 

strategies are in place for the prevention of drug trafficking in order to cut off the supply flow. 

 

4.6 Limitations 

This study has limitations in its data collection techniques and analysis that impact on the 

interpretation of its findings and generalizibility of the conclusions.  There are several limitations 

pertaining to the design of the study and the nature of covert network data collection.  The data 

source for the study sample is limited to a single site (Backpage).  Backpage was selected 

because it is the leading website for hosting adult services ads (Whitaker, 2012).  However, data 

on ‘other advertised locations’ was collected across multiple sites, which pool advertisements 

linked to a phone number from various sites across the web.  The exploration of other online 

sites beyond Backpage is needed.  Due to the covert nature of the criminal activity being studied 

there are barriers to data collection.  Covert network data is often incomplete, deceptive, and 

misleading.  For example, some providers are advertised in multiple cities on the same day.  

However, providers use this technique (pre-booking) to identify their next destination.  Providers 

advertise services in multiple cities and go to the location with the greatest demand (highest 

profits).  This study made an attempt to address this issue by collecting data from multiple 
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sources.  A non-probability sampling method was used to collect the data.  Purposive sampling 

was used to collect data from three known hub locations to provide a lens to observe this activity.  

This may have skewed the results in terms of movement trends.  The source locations appear as 

prominent centers of potential activity, but this may be due to sampling error.  In addition, 

network boundaries were determined using a methodological approach (based on sampling 

method).  This also has implications on the provider and movement network trends.   Provider 

networks may include actors that may not have appeared in the sample, so the provider networks 

observed in the study may not be complete.  However, they do identify a portion of the network 

that could be targeted to obtain further information on the larger network and operations.  

 

The current methods indicate the presence of potential sex trafficking activity, but further 

analysis is needed to definitively state that human trafficking is present.  Trafficked victims are a 

subset of commercial sex workers who often willingly advertise their services online.  The 

analysis of movement patterns may also be detecting patterns of commercial sex workers and not 

solely reflect involuntary victims of sex trafficking.  The study observed the movement of an 

advertised phone number along a circuit, but there is not enough data to identify whom the phone 

belongs to (trafficker or provider).  Also, movement networks are based on temporal adjacency 

but not sequence (e.g., a phone number appearing at location A and then location B will generate 

the same link as B followed by A).  The direction of movement is unknown.  However, the intent 

was to identify prominent circuits (movement trends) using aggregate data not to track the actual 

movement of a provider.  The inclusion of temporal data would provide more insight on patterns 

of activity such as direction of flow, length of stay at locations, movement cycles, etc.  The data 

source for the study sample is limited to a single site (Backpage).  Backpage was selected 
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because it is the leading website for hosting adult services ads (Whitaker, 2012).  However, data 

on ‘other advertised locations’ was collected across multiple sites, which pool advertisements 

linked to a phone number from various sites across the web.   

 

4.7 Summary 

As highlighted in the problem statement above, there is a lack of empirical data on human 

trafficking creating a need for systematic research and methods especially in terms of 

technologically facilitated sex trafficking.  This study aimed to explore technologically 

facilitated sex trafficking in the U.S. to observe patterns of activity related to advertisement 

posting behavior.  The sociotechnical system of ICT embedded sex trafficking was examined by 

analyzing data available in online escort advertisements to identify potential victims, provider 

networks, and movement trends.  The objectives were to address gaps in the literature by 

exploring sex trafficking in this new domain; to develop a method to identify potential victims in 

the online market by translating physical indicators to the virtual domain; and to develop a 

systematic means to observe patterns of activity related to provider networks and movement 

trends within the U.S.  The observation of patterns in activity using online data can lend to the 

identification of covert network operations.  The development of tools and techniques to expose 

criminal network activity is essential to combatting this crime.   
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Chapter 5. Conclusion 
 

Increased effort to understand patterns of sex trafficking within the U.S. is imperative to 

detecting and disrupting this activity.  Covert networks are increasingly using technology, 

specifically the Internet, to extend their operations.  However, the same technology can be used 

against them.  This study attempted to expose this activity in specific online environments and to 

identify trends within the U.S.  It provides a method for analyzing sex trafficking networks in the 

virtual environment.  The primary research question was: What patterns can be detected in 

domestic sex trafficking by analyzing content in online escort advertisements (victims, provider 

networks, and movement trends)?  Understanding the patterns of activity in the virtual sex 

market presents insight to domestic sex trafficking activity, especially in terms of movement 

trends of trafficked persons within the U.S.  This type of information is a valuable resource in the 

fight against modern day slavery.  Due to the increase in sex trafficking network activity online, 

there is a need for active research on such networks to develop effective anti-trafficking 

strategies.  “An understanding of how technology is facilitating trafficking is a crucial 

component for counter-trafficking efforts in the 21st century” (Latonero, 2012, p. 10).    

 

Virtual indicators could inform monitoring and filtering system design to identify high risk 

advertisements narrowing down the pool of ads warranting further investigation by law 

enforcement.  “The task of manually sorting through myriad of advertisements is a strain on 

often-limited law enforcement resources.  Without some technological solutions to narrow the 

pool of potential advertisements, the task of manually reviewing these ads exceeds the limits of 

what investigators can reasonably expect to achieve” (Latonero, 2011, p. 19).  Using this 

information a metric to identify and flag the subset of escort advertisements potentially linked to 
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sex trafficking could be developed, possibly using a tiered system of classification (i.e. high, 

med, low based on developed metrics) based on the indicators present.   

 

Provider network data can be useful to law enforcement to target traffickers and identify the 

number of different stables traffickers are operating in an area.  Identifying the different sub-

groups of providers offers insight on the number of competing groups that could potentially 

spark turf wars.  Identifying which women are working together could be used as leverage in 

identifying the trafficker.  If multiple women connected to the same trafficker are apprehended, it 

may be provide law enforcement with an opportunity to target the trafficker.   

 

The consistency in findings across a series of studies and the ability to observe known circuits 

using this method illustrates its effectiveness.  The ability to observe covert network activity can 

be exploited to identify vulnerabilities to disrupt the network.  Federal efforts to combat human 

trafficking call for an assessment of trafficking trends within the U.S.  The goal is to provide law 

enforcement and service providers with the information they need to more effectively manage 

and deploy resources.  There are various ways this data could be used by law enforcement to 

develop counter-trafficking measures.  The data could be used to identify critical points in covert 

network operations.  These vulnerable points could be targeted to disrupt network activity.  It 

also allows law enforcement to identify organized criminal networks by providing intelligence 

on which criminal operatives are working together and their associated activities.  Data on virtual 

indicators of trafficking could be used by law enforcement to solicit both sides of the market.  

Law enforcement could use trends observed in ad content to post their own ads to lure Johns into 
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sting operations.  They could also use virtual indicators to identify potential victims and pose as 

Johns to gain access to these women.        

 

This study has made contributions to research on technology facilitated trafficking as well as 

implications for practice.  In terms of research implications, this study addressed gaps in the 

literature and developed methods to observe sex trafficking patterns in online advertisements.  

Sex trafficking patterns were examined in a new domain, the virtual environment, shedding light 

on the issue of technology facilitated sex trafficking through an examination of online 

advertisements.  This study provides insight on how the community is using the Internet to 

market potential victims of trafficking and by doing so identified important data fields that could 

be used to observe patterns in activity.  By examining how offline trafficking behaviors manifest 

themselves in online messages, a codebook was developed to translate indicators of sex 

trafficking from the physical environment to the virtual context allowing potential victims to be 

identified in online classified ads.  The codebook could serve as the basis for developing 

automated tools to detect and disrupt online activity.  This study also offers a method to 

systematically observe provider networks and movement trends within the U.S.  By further 

analyzing two primary indicators of sex trafficking (Shared management and Movement) 

networks were observable.  The use of GIS data allowed maps of the movement trends of 

potential sex trafficking activity within the U.S. to be created.    

 

When dealing with covert networks it is difficult to collect data and it is understood that 

researchers are dealing with incomplete or missing data.  Developing a better understanding of 

this illicit activity in the virtual environment such as the identification of hub sites for this 
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activity, the important data fields available, and how the data can be used to exploit this network 

can lead to better strategies for intelligence collection and analysis.  Improved strategies for 

intelligence collection have the potential for the development of predictive analytics.  

Observation of behavior patterns could lead to proactive law enforcement strategies based on 

applied or actionable intelligence.  By identifying patterns in existing data, law enforcement can 

predict trends in sex trafficking activity allowing for more effective intervention strategies.   The 

inclusion of geo-spatial and temporal data in social network analysis provides a more powerful 

assessment tool that would allow the dynamic nature of covert networks to be observed.  Krebs 

(2002) stated, “a covert network is most vulnerable when it is active” (p. 49).  The more active a 

network is the more vulnerable they are.   

 

In terms of practice, this information can be used to develop better strategies for intelligence 

gathering on organized criminal networks.  Better intelligence strategies are important to policy 

makers and law enforcement.  It allows for data-driven policy by establishing the ability to 

describe the context of the issue and map the properties of covert network activity.  It serves as 

the basis for developing counter-trafficking initiatives related to prevention, detection, and 

disruption.   Accurate intelligence on this criminal network also enables authorities to better 

utilize their resources and devise more effective disruption strategies.  Social network analysis 

tools allow for data visualization products to be created, which makes it easier for non-academics 

or technicians to understand the data.  Presenting the data geospatially makes the data more 

useful to practitioners and policy makers by making the trends more apparent.  Hotspots can be 

targeted as critical points for law enforcement intervention strategies.  Increased understanding 

of this covert network can lead to the development of better strategies of prevention, protection, 
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and prosecution (3 P’s of sex trafficking outlined by the State Department).  A better 

understanding of this issue would improve policy recommendations leading to data-driven policy 

decision making.    

 

Also, analysis of online classifieds and the identification of advertisements with potential links to 

trafficking have policy implications in terms of websites facilitating criminal activity.  Most of 

the ads analyzed contained explicit content obviously advertising prostitution with very few ads 

attempting to mask the nature of the content.  Many of the ads went as far as to provide a pricing 

schedule based on the length of time or number of providers.  Aside from issues pertaining to 

human trafficking, websites hosting these types of ads are aiding illegal actions.  The 

Communication Decency Act of 1996 relieves websites from liability of third-party content even 

if such content is illegal.  This raises concerns about accountability and shared liability of content 

posted on websites. 

 

5.1 Lessons Learned 

Online escort advertisements are data rich.  Analyzing the advertisement behavior of the market 

coupled with subject matter expertise from law enforcement personnel to validate the process 

could provide a vital tool for anti-trafficking efforts.  It is important to collaborate with law 

enforcement or subject matter experts to identify which indicators carry the most weight based 

on practice.  The development of a weighted scale system to flag high risk ads could be 

developed.  The scale would be based on the amount of indicators present in an ad as well as the 

type of indicator present.  Partnership with law enforcement or subject matter experts would be 
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needed to develop the scale.  The scale could then be used to design an automated system for 

flagging ads with potential links to sex trafficking.   

 

Provider networks were constructed using three variables (shared number, shared ad, and shared 

post ID) to construct a provider by provider matrix.  It was defined this way to observe the most 

instances of providers working together, allowing a larger portion of the network to be observed.  

The intent was to determine whether it was possible and how to identify the covert networks 

operating at a specific location using data available in online advertisements (which data fields 

are important that would allow provider networks to be observed).  The provider networks were 

observed as k-cliques, which provided information on the number of sub-groups operating in an 

area and the size of the various groups.  However, it did not provide information on network 

structure or roles.  This may have been due to the folding of the network to a provider by 

provider matrix in which information was lost.  So, the provider networks were reanalyzed by 

indicator type to maintain data.  The structure of provider networks by the shared phone number 

indicator appeared as k-cliques.  Because all providers are linked to a central number, structure is 

not observable.  However, the shared ad and shared post ID indicators have the potential to 

observe structure and roles (if multiple ads are posted).  If multiple providers share an ad, then an 

edge would be created between all the providers creating network appearing as a k-clique 

(structure not observable).  If multiple advertisements are posted by a provider with varying 

providers, then structure is observable.  The same holds true for shared post ID.  Analyzing the 

provider by ad and provider by post ID matrices would allow structure and potential roles to be 

observed.   
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In the current study, structure was only observable in a small portion of the ads (two instances).  

This is related to the study design in terms of data collection.  Data was collected from three 

separate locations using web-scraping software to randomly scrape ads.  The observation of 

provider network structures via shared ad and shared post ID would be more effective if the data 

had been collected differently.  The data collection would have to be directed at collecting a 

dataset where this may appear (high instances of repeat or multiple postings by a provider).  This 

could be achieved by collecting daily scraping of ads from a location over a period of time.  This 

would allow a providers posting activity to be observed (i.e. repeat posts, individual posts or 

multiple provider posts, or multiple postings with different providers).  Shared post ID is also 

observable when data is collected this way.  This data collection method was used in the pilot, so 

the difference in datasets based on the way the data is collected was learned through the process 

of multiple studies.   

 

Currently, law enforcement data on sex trafficking provides retrospective information about 

criminal activity based on the number of arrests made.  The above method outlines a way to 

capture movement trends of potential trafficked persons prior to criminal action, allowing for a 

more proactive approach to law enforcement intervention.  Such a method would require further 

work to develop, but might function as follows.  Website “scraping” software could be directed 

at online classified sites, and natural language processing tools could be used to identify pages 

bearing potential sex trafficking indicators.  These pages might be presented to a human analyst 

who makes “include/don’t include” judgments on a series of candidate pages.  Phone numbers 

and locations would then be extracted from the selected corpus of advertisements, and 

aggregated into a provider-location network.  This network would be automatically folded into a 
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location-location network in a manner constrained by transportation network routes (highways 

and flights, e.g., travel between Kahului and Lihue generally requires flying through Honolulu).  

Identification of highly weighted routes could facilitate the allocation of law enforcement 

resources in general, and the advertisements associated with the end-points of highly weighted 

routes could be retrieved from the original data to identify time windows for anticipated 

movement of providers with specific advertised characteristics between specific locations. 

 

5.2 Future Research 

Future research could take multiple different directions.  To improve on the design of this study a 

future study could conduct a random sample of Backpage ads across the U.S. to get a broader 

and more accurate depiction of movement trends.  Also, including temporal data in future studies 

would provide richer information on movement trends such as direction of movement, frequency 

of movement, rotations through certain circuits, average length of stay in a location, etc.  

Combining temporal data with geo-spatial analysis would allow observations to be made on 

network evolution, potentially creating systems that could incorporate advertisement history 

(circuit information) with a provider’s current location.  Another improvement to design for 

future studies may include the analysis of nodal attributes and more advanced SNA metrics.   

Nodal attributes for locations may include attributes that would allow for analysis of ‘Why’ a 

location is a hub such as population; tourism trends; and proximity to an airport, major roadway 

or truck stop.  The use of advanced metrics would enable more in-depth analysis of networks to 

occur allowing for greater interpretation of results and an explanation of what is occurring within 

the context of the network.   

 



174 

 

This study focused more on the supply side of the market through analyzing provider 

advertisements.  Research on the demand side of the issue is needed.  This could be done by data 

mining escort review sites.  A John network could be created using the information provided by 

the Johns on these sites such as screen handle, websites active on, providers they have reviewed, 

and locations frequented (i.e. AMPs provided reviews for).  This data could be used to gather 

intelligence on the monger community active in an area and the popular locations for this 

activity.  Developing a better understanding of the demand side of the market could shed light on 

ways to disrupt or deter this activity lending insight to anti-trafficking efforts.  The John 

community uses the Internet as a communication platform participating in similar activities to 

other virtual community such as information sharing and seeking, developing social ties with 

other community members, sharing experiences, providing reviews, etc.  This makes the Internet 

a rich data source to observe this deviant community that may not otherwise be easily accessible.   

 

Other areas that may be of interest for future research include studies on AMPs and other hub 

websites used by this community.  Research into Asian Massage Parlors that often serve as 

commercial front brothels is needed.  Commercial front brothels have been linked to cases of 

international trafficking.  This was also evident in the current study as indicators of international 

trafficking were observed in advertisements linked to these establishments.  Future research on 

alternate data sources examining online sex trafficking activity beyond Backpage is also needed.  

There are multiple sites that host information for the monger community.  Many of these sites 

include extended provider profiles as well as access to reviews and advertisement history.  

Online recruitment activity is another area needing further exploration. The use of the Internet 

for recruitment is a growing trend with recruitment activity being reported in mainstream sites 
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such as Facebook and Twitter (Latonero, 2011).  Further examination of these sites to gain an 

understanding of how they are being used and how potential victims are being targeted would 

provide clues on how to disrupt and/or prevent this activity.  Including subject matter expert 

interviews in future research would be beneficial to further develop context and understanding of 

this issue, which would provide more informed research design and analysis when interpreting 

data.    
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Abstract 

This is an ongoing exploratory study focused on domestic human trafficking in online environments. 

Numerous websites host human trafficking activity such as online classifieds, discussion forums, review 

sites, and social media. The online advertising and searching activities of this covert network are of 

particular interest. The goals of the study were to identify indicators of sex trafficking in online 

advertisements and to visualize movement patterns using data from open Internet sources. Trafficked 

persons are systematically moved to various locations throughout the U.S. on a circuit based on demand. 

Traffickers use online classified sites to advertise their victims along circuits. They are able to reach a 

larger audience and reduce the risks involved with this criminal behavior by shifting activity to the virtual 

environment. Online classified ads for adult services in Hawai‘i were collected over a six week time 

frame and assessed for indicators of human trafficking. Data captured in the analysis was used to detect 

movement trends of potential trafficked persons and mapped to visualize domestic circuits. A key element 

in observing movement was the advertised phone number as it is linked to the individual through online 

advertisements and customer reviews. 
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Methods   

Study Overview 

This is an ongoing exploratory study to better understand domestic human trafficking activity online. The 

intent was to examine online adult service advertisements in order to observe the types of data available 

in these ads and to identify ways to exploit data into meaningful information that can be used to disrupt 

potential criminal activity. Online advertisements for adult services from Backpage Hawai‘i were 

collected from January 09, 2013 through February 12, 2013. Ads were collected in one week increments 

every other week during the six week study period centered on a major sporting event. The sample 

captured three weeks of data to include ads two-weeks prior to, the week of, and two-weeks following 

Pro-Bowl 2013, which occurred on January 27
th
. The sample period was centered on a major sporting 

event in order to gauge the impact of such events on the market. Major sporting events are targets for sex 

trafficking with increased demand due to the influx of people surrounding the event (Latonero, 2011). 

Hawai‘i is also a destination city for sex trafficking. Destination cities are areas with the greatest demand 

typically locations near military bases, truck stops, conventions, and tourist areas (McClain & Garrity, 

2011). The multiple military bases, large international conferences, and being a prime tourist destination 

creates a thriving market for sex trafficking. The purpose of the study was two-fold. First, ads were 

analyzed for indicators of sex trafficking using an online trafficking indicator index developed in a 

previous study. The index was used to classify high risk ads reducing the pool of ads needing further 

investigation. Second, the data extracted from these ads was further analyzed to observe movement 

patterns of potentially trafficked persons. 

Data Source   

Online advertisements for adult services were collected from the Backpage Hawai‘i site. Backpage is an 

online classified that hosts advertisements for a wide range of products to include adult services, which 

can be found under the ‘Escort’ section. Backpage was selected for analysis because it is the leading U.S. 

site for advertising prostitution (AIM, 2012). “Other websites also offer adult classifieds, but Backpage 

not only has the highest frequency of posts but also greater website traffic (user hits) than most alternative 
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choices, generating an estimated $1.95 million in revenue in June of 2011 alone” (Operation Broken 

Silence, 2012, p 15). 

Ad Analysis 

An audit of Hawai‘i Backpage escort advertisements was conducted during the study period and analyzed 

for indicators of online human trafficking. Ads were analyzed for the presence of online trafficking 

indicators using an index developed after an initial study of Backpage advertisements (See Table 1). The 

raw data from the ads was extracted and converted into research results based on these indicators and 

similar methodology used in previous Backpage studies conducted by Operation Broken Silence (2011; 

2012). 

Table 1. Online Human Trafficking Indicator Index. 

 

Movement Analysis 

All unique phone numbers were analyzed to detect and map patterns of movement. Movement was 

determined based on area code origin and other advertised locations. Phone numbers belonging to fixed 

locations were excluded (escort services and massage parlors). A phone number analysis was conducted 

across multiple John sites. John sites allow clients to validate provider authenticity by reviewing 

advertisement history. This includes information on the various cities providers have been advertised in, 

different ages used in those ads, different aliases, reviews, and photos used in ads. These sites serve the 

community’s needs by providing a single source of consolidated information on a provider allowing 

Indicator Example

Different Ages Used 
(Inconsistencies in story)

Discrepancies in age within or across ads

Different Aliases Used
(Inconsistencies in story)

Discrepancies in aliases within or across ads

Movement
(Frequent movement to work)

Transient language, out of state area code, ad posting in 
different locations

Shared Management
(Travel in groups)

Ads reference multiple providers, shared phone

Ad posted by third party Third person language

Advertised Ethnicity/Nationality Ad includes references to ethnicity or nationality

Potential Restricted Movement Incalls only – provider may be restricted to hotel room, 
massage parlor, etc.
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Johns to verify information by cross-analyzing multiple ads for consistency. The various locations each 

phone number was advertised in were documented allowing movement patterns to be observed.  

Movement data was further analyzed using network analysis methods to detect and map circuits with GIS 

data. Circuits were calculated based on aggregate data. Thresholds were established to filter data based on 

link value in order to identify high volume travel routes, which highlight prominent hubs and circuits. 

Analysis was performed using the *ORA software suite. *ORA is a software developed by the Center for 

Computational Analysis of Social and Organizational Systems (CASOS) at Carnegie Mellon to assess and 

analyze dynamic meta-networks. This tool allows networks to be studied through space and time 

providing the capability to analyze trail data (i.e. who was where when) and network data (i.e. who is 

connected to where) (*ORA, 2012). Due to time constraints, only network data was analyzed. The 

temporal element will be incorporated in ongoing research to develop co-location networks.  

Results   

During the study period 1881 escort ads were collected and audited, which is an average of 90 ads per day 

over a 21-day sample period. After excluding daily duplicate ads 1436 ads were analyzed. The 

distribution of ads over the study period shows an influx in ad volume during the week of the Pro-Bowl 

(week 2). A total of 124 ads were posted on the day of the Pro-Bowl, which is a 38% increase in the 

volume of ads based on the daily average (See Figure 1 below). These findings suggest the sporting event 

did have an influence on advertising trends associated with this market.  
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Figure 1. Advertisement volume over study period. 

The advertised location of each ad was documented to observe movement trends (micro-circuits) within 

the state. The advertised locations within the state were spread over four of the islands (Oahu, Hawai‘i, 

Maui, and Kaua‘i). Total ads by location include: 1255 (78%) in Oahu, 210 (13%) in Maui, 81 (5%) 

Hawai‘i Island, and 58 (4%) in Kaua‘i. Multiple ads (56) listed all four islands as the service location. 

Findings suggest the presence of a micro-circuit through several of the Hawaiian Islands indicating 

demand exists and travel to such locations is profitable. Refer to Appendix B for micro-circuit maps.  

Indicator Analysis 

The indicator analysis measured the number of indicators present in an advertisement and the frequency 

of an indicator across the sample. Of the 1436 advertisements analyzed, 82% of the ads contained one or 

more indicators and 26% of the ads contained three or more indicators. the number of indicators observed 

per ad is presented in Table 2. The distribution of ads by indicator was: 685 (48%) Advertised 

Ethnicity/Nationality, 553 (39%) Potential Restricted Movement, 473 (33%) Movement along Circuit, 

426 (30%) Multiple Providers, 261 (18%) Third Party Post, 33 (2%) Different Ages, and 8 (1%) Different 

Aliases. The presence of sex trafficking indicators does not prove trafficking is occurring, but it raises 

flags to potential activity that requires further investigation. This information could be used to identify 

high risk advertisements narrowing down the pool of ads warranting further investigation by law 

enforcement.  

Table 2. Total indicators present per ad. 

 

Movement Analysis 

Indicators per Ad Total ads % Ads 

6 26 2% 

5 104 7% 

4 86 6% 

3 155 11% 

2 365 25% 

1 448 31% 

0 252 18% 
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A total of 234 unique phone numbers were recorded during the study period. Of those, 139 phone 

numbers indicated movement. A total of 44% of the phone number area codes were from Hawai‘i and the 

remaining 66% were dispersed throughout 23 states. The top five area code origins outside of Hawai‘i 

included California, Nevada, Oregon, New York, and Washington. This information could be used to 

identify potential source locations of traffickers or exploited persons. Links to all but four states 

(Delaware, Maine, New Hampshire, and South Dakota) were observed in the sample suggesting Hawai‘i 

is a destination hub for this activity. Figure 2 below provides information on hub locations observed in 

the sample.  

 

Figure 2. Advertised Location Frequency Distribution. 

Circuits were observed at both the state and city/county level to provide insight on inter-state and intra-

state movement trends. At the state level, bi-coastal traffic to Hawai‘i was observed in the data with data 

filtered at high level thresholds (links valued at 18 or greater) to detect the most prominent circuit. This 

included portions of the Western Circuit (WA, OR, CA, NV, AZ, and CO) as well as direct links between 

Hawai‘i and New York, DC, Florida, and Texas (See Figure 3). Links between the Western Circuit states 

persisted with the removal of Hawai‘i (data source) indicating a high volume of movement between those 

states. Regional filters with lower thresholds were implemented to observe East Coast movement trends. 

An eastern circuit comprised Florida, Pennsylvania, New York, New Jersey, and Massachusetts was 
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observed (See Figure 6). These findings suggest traffickers are using both ground and airways to extend 

the reach of their networks. Refer to Appendix A for state-level circuit maps.  

A city-level analysis was conducted to achieve finer granularity. An analysis of the micro-circuits within 

the top 10 hub states identified above was completed. California’s micro-circuit included advertisements 

in 30 different locations. Filters were applied to identify the most prominent circuit, which included 

movement between San Francisco, Sacramento, San Jose, Los Angeles, Orange County, and San Diego. 

Movement trends within Nevada are predominantly between Las Vegas and Reno. Movement patterns 

within Oregon were spread across eight advertised locations. When filters were applied to reduce noise 

the persistent circuit included movement trends between Portland, Salem, and Eugene. The observed 

micro-circuit within Texas encompassed 13 advertised locations with heaviest movement trends between 

El Paso, Abilene, Waco, Austin, San Antonio, Houston, and Corpus Christi. The micro-circuit in 

Washington that carried the highest volume of advertisements included movement between Seattle, 

Yakima, and the Tri-cities. These findings provide insight to the movement trends of potential trafficking 

activity at the local level. This information can be used to direct resources to critical locations in order to 

deter this activity. Refer to Appendix B for city-level micro-circuit maps.  

Discussion 

By integrating data from online classifieds and data obtained from phone number analyses, it is possible 

to detect indicators of sex trafficking and map patterns of movement of potential traffickers or victims. As 

stated above, the presence of sex trafficking indicators does not prove trafficking is present, but it does 

identify high risk ads requiring further investigation. Analysis of online classifieds and the identification 

of advertisements with potential links to trafficking have policy implications in terms of websites 

facilitating criminal activity. Most of the ads analyzed contained explicit content obviously advertising 

prostitution with very few ads attempting to hide the nature of the content. Aside from issues pertaining to 

human trafficking, websites hosting these types of ads are aiding illegal actions. The Communication 

Decency Act of 1996 relieves websites from liability of third-party content. This raises concerns about 

accountability and shared liability of content posted on websites. 
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The use of phone numbers proved to be an effective method for detecting movement as the phone is the 

means of connecting the purchaser with the product. It is also an integral element of product branding tied 

to the provider’s online reputation. The consistency in findings across a series of studies and the ability to 

observe known circuits using this methodology illustrates its effectiveness. The ability to observe covert 

network activity can be exploited to identify vulnerabilities to disrupt the network.  Federal efforts to 

combat human trafficking call for an assessment of trafficking trends within the U.S. The goal is to 

provide law enforcement and service providers with the information they need to more effectively 

manage and deploy resources (Fact Sheet, 2012). Currently, law enforcement data on human trafficking 

provides retrospective information of activity. The above method outlines a way to capture movement 

trends of potential trafficked persons prior to law enforcement action allowing for a more proactive 

approach to law enforcement intervention.   

The observance of traffickers using both roadways and airways to expand their markets presents clues to 

potential intervention points via bottlenecks in the supply flow. Traffickers may be harder to detect when 

traveling along roadways. However, the use of airways is of higher risk due to the security measures 

implemented at airports. Air travel requires identification and high levels of security screening. Training 

security personnel to screen for indicators of trafficking to identify potentially trafficked persons could 

pose an effective intervention strategy. Similar strategies are in place for the prevention of drug 

trafficking in order to cut-off the supply flow.  

Limitations to this study include the manual collection and processing of data, which is quite time 

intensive and leaves room for error as some ads are deleted or reposted. Based on the methodology used, 

findings suggest potential trafficking activity. Although, further analysis is needed to definitively state, 

with any degree of confidence, that human trafficking is present.  The study observed the movement of an 

advertised phone number along a circuit, but there is not enough data to definitively identify whom it 

belongs to (trafficker or providers). Also, the starting point for this study was limited to a single location 

(Hawai‘i Backpage ads). Different starting points may present different movement trends.  

Next Step/Future Directions 
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Currently, only a preliminary data analysis has been conducted. Continued analysis is needed to gain 

familiarity with the dataset in order to develop depth of analysis. Also, several elements of the study have 

not been addressed at this point due to time constraints such as the temporal element and provider 

network analysis. Incorporating the temporal dimension to current data will allow provider movement to 

be analyzed through space and time. In future studies, data collection will be expanded to include multiple 

starting points. Multiple starting points may present different regional trends and provide insight to a 

larger more complex network. The exploration of alternate data sources examining online human 

trafficking activity beyond Backpage is also needed.  
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Pilot Study: Detection of Domestic Human Trafficking Indicators and Patterns of Movement Using 

Content Available on Open Internet Sources – 

Appendix A 

Aggregate Circuit Using GIS Mapping Data 

 
Figure 3 – Data filtered at links valued at 18 or greater. Portions of the Western Circuit are observed as well 

as direct links between Hawai‘i and New York, DC, Florida, and Texas. 

 

 
Figure 4 – Data filtered by link values of at least 15 with Hawai‘i removed. The Western circuit continues to 

be prominent. Texas, New York, and Florida maintain links with California indicating movement trends 

across the continent. 
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Figure 5 – Reduced filters expand circuit reach. At this level Alaska, North Dakota, Wisconsin, Virginia, 

Illinois, Pennsylvania, and New Jersey were observed in the circuit through Hawai‘i. Continental circuits 

expand with links between hub states becoming visible. 

 

 
Figure 6 – Eastern Circuit. In order to detect regional movement patterns data was filtered by region and at a 

reduced threshold to observe an eastern circuit. With data filtered at link values of at least eight (Left) hub 

states of Florida, Pennsylvania, New York, New Jersey, and Massachusetts were observed. When thresholds 

were reduced to include links of at least seven (Right) movement patterns between the hub states become 

apparent making greater portions of the eastern circuit visible. 
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Pilot Study: Detection of Domestic Human Trafficking Indicators and Patterns of Movement Using 

Content Available on Open Internet Sources – 

Appendix B 

 

Micro-circuits of Top 10 Hub States Using GIS Mapping Data 

 

Based on the analysis of the data sample the top 10 advertised states outside of Hawai‘i (data source) 

were: California, Nevada, Oregon, Texas, Washington, Florida, Colorado, New York, Arizona, and DC. 

The following graphics depict the micro-circuits within each state based on advertised location data.  

 

 
Figure 7 – Hawai‘i micro-circuit. 
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Figure 8 – California micro-circuit. Advertisements in California were spread over 30 different 

cities/counties. The data was filtered to detect the most prominent circuit within the state which included 

movement between San Francisco, Sacramento, San Jose, Los Angeles, Orange County, and San Diego. 

 

 
Figure 9 – Nevada micro-circuit. 
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Figure 10 – Oregon micro-circuit. 

 

 

 
Figure 11 – Texas micro-circuit. 
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Figure 12 – Washington micro-circuit. 

 

 

 
Figure 13 – Florida micro-circuit. 
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Figure 14 – Colorado micro-circuit. 

 

 
Figure 15 – New York micro-circuit. 
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Figure 16 – Arizona micro-circuit. 
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Appendix B – Codebook  
 

Codebook – Sex Trafficking Indicators in Online Advertisements 

Primary Online 

Indicators 
Indicator in Physical Environment 

(Polaris Project, 2014; UNODC, 2012) 
Explanation Operationalization (Examples) 

1. Movement 

 

Move from one brothel to the next or 

work in various locations 

 

Frequent movement – Claims of “just 

visiting” and inability to clarify 

addresses 

Factors that would indicate the provider 

is being moved and/or advertised in 

various locations.  

 Out of state area code 

 

 

 

 Language that would indicate 

movement or transient 

behavior.  

 

 

 

 

 

 

 

 Language that would indicate 

the provider is not presently at 

the advertised location, but will 

be at a future date 

 

 

 Discrepancies in advertised 

location and location of ad 

placement 

The provider is being moved and/or advertised in 

various locations. 

 

 Advertised phone number’s area code is 

out of state from advertised location 

 

 

 Transient language – language suggestive 

of movement. Examples: 

o Just visiting; Just arrived 

o New; New in town 

o Limited time, Avail ‘til Saturday 

o Get it while you can 

o Last 3 days to play 

o I'm back  

 

 

 Ad language for a future date.  Example: 

o Pre-booking for this weekend 

o Will arrive on Saturday 

 

 

 

 Ad posted in one city, but text references 

another location – indicates ad content has 

been re-posted in multiple locations. 

o Ad posted in Honolulu, but text 

reads ‘Hello Portland’ 
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2. Shared 

Management 

 

Travel in groups with persons who 

are not relatives 

 

There is evidence that groups of 

women are under the control of 

others. 

 

Live or travel in a group, sometimes 

with other women who do not speak 

the same language 

Factors that would indicate multiple 

providers are working together. 

 

 Shared ad – Direct mention of 

another provider in ad  

 

 

 

 Language that would indicate 

more than one provider is being 

advertised.  

 

 

 

 

 

 

 

 

 

 

 Shared phone number 

 

 

 

 

 Shared post ID 

Ad is posted for multiple providers or multiple 

ads are linked to a common poster. 

 

 Ad text includes multiple names or 

references to traveling companion. 

Example: 

o Duos available with Sasha 

 

 Ad language references multiple 

providers. Example: 

o Use of plural terms – girls, etc. 

o Duos available 

o Reference to the number of 

providers available (e.g. 2 girls) 

o Ad includes multiple names or 

phone numbers 

o Description of multiple providers 

(e.g. Brazilian and Japanese 

women, red head or blonde)  

 

 Multiple providers using the same contact 

phone number  

o Indicates central/shared booking 

line 

 

 Post ID is the same for multiple 

providers/ads (edited ad versions) 

o Ad content has been edited with 

information for different 

providers, but posted by the same 

user 
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3. Controlled/ 

Restricted 

Movement 

 

Be unable to leave their work 

environment 

 

Show signs that their movements are 

being controlled 

Provider may be restricted to a specific 

location where services are provided 

such as a hotel room, massage parlor, 

etc. 

Language that would indicate the provider is 

unable to leave the designated service location. 

Examples: 

 In-calls only – service is exchanged at the 

provider’s location 

 No outcalls 

 Advertisement for a fixed location where 

the service is being provided – 

commercial business front, massage parlor 

 

4. Ad Posted 

by Third Party  

 

Is in the commercial sex industry and 

has a pimp / manager 

Ad posted by someone other than the 

provider.  

Language that would indicate the ad was posted 

by someone other than the provider - use of third 

person language. Example:  

 Many girls available 

 New girls just arrived 

 Jessica is back in town 

 

5. Advertised 

Ethnicity/ 

Nationality 

Come from a place known to be a 

source of human trafficking 

 

Advertisements are placed offering 

the services of women of a particular 

ethnicity or nationality 

Ad includes references to ethnicity or 

nationality, which may provide 

information on the provider's country 

of origin 

Language that would indicate a provider's ethnic 

background or country of origin. Example: 

 Caribbean 

 Russian 

 Asian 

 From S. America  

 Ethnic Slang (i.e. ebony or chocolate to 

refer to African American) 

6. 

Advertisement 

for potential 

commercial 

front brothel 

Be found in or connected to a type of 

location likely to be used for 

exploiting people 

 

Advertisements are placed for 

brothels or similar places 

Massage parlors have been known to 

serve as commercial front brothels.  

Advertisement for massage parlor or 

similar business as the location the 

service is provided. 

Ad includes the name of the establishment and/or 

address. Example:  

 Mayflower – 1824 Kapiolani Blvd. 
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Additional Indicators 

Inconsistencies Inconsistencies in Story Discrepancies in the text of the 

advertisement.  

 Discrepancies with age in ad 

 

 

 

 

 Discrepancies with name in ad 

Ad text referencing age has inconsistencies. 

Example: 

 Headline contains one age and text 

body contains another 

 Ads across sample list different ages 

for the same provider 

 

Ad text referencing name has 

inconsistencies. Example: 

 Headline lists one name and text 

body lists another 

 Ads across sample use different 

aliases 

Other 

Observations 

Anything that stands out that may 

not be covered by above indicators 

Additional data that may provide 

information on patterns or trends in activity 

Examples: 

 Cost associated with service 

o $200 per hour 

o 100hh, 150h  

o 200 roses, smiles, kisses, etc 

 CC accepted 

 Overnight specials 

 Disclaimers 

 Videos included  

 Link to external website  
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Appendix C – IRR Coding Sheets 

Primary Coder – MI (1 of 3) 

MI - HI 

Result #

Movement Multiple Providers Restricted 

Movement

Third Party 

Language

Advertised 

Ethnicity

Potential (AMP) 

26H 1 1 1 1 1 1

40H 1 0 0 0 0 0

61H 1 0 0 0 1 0

84H 1 0 0 0 1 0

87H 0 0 1 0 0 0

91H 1 0 0 0 0 0

111H 1 0 1 0 0 0

112H 1 0 0 0 0 0

116H 1 0 0 0 0 0

117H 0 1 1 0 0 1

118H 1 0 1 0 0 0

122H 1 0 0 0 0 0

137H 1 1 1 1 1 1

147H 0 0 1 0 1 0

149H 0 1 0 0 1 0

169H 1 0 0 0 0 0

175H 0 0 1 0 1 0

189H 0 0 0 0 0 0

192H 0 0 0 0 0 0

199H 1 0 0 0 1 0  
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Primary Coder – MI (2 of 3) 

 

MI - OR 

Result #

Movement Multiple Providers Restricted 

Movement

Third Party 

Language

Advertised 

Ethnicity

Potential (AMP) 

4-O 0 1 1 0 0 1

25-O 1 0 0 0 0 0

31-O 1 0 0 0 0 0

40-O 0 0 0 0 0 0

48-O 1 0 1 0 1 0

64-O 0 0 0 0 0 0

77-O 0 0 0 0 0 0

78-O 0 0 1 0 0 1

83-O 0 0 1 0 1 0

85-O 1 0 1 0 0 0

93-O 1 0 0 0 0 0

94-O 1 0 1 0 0 0

107-O 0 0 0 0 0 0

119-O 0 0 0 0 0 0

163-O 0 0 0 0 1 0

166-O 1 0 0 0 0 0

174-O 1 0 0 0 0 0

182-O 1 0 1 0 0 0

184-O 1 0 0 0 0 0

191-O 0 0 0 0 0 0  
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Primary Coder – MI (3 of 3) 

 

MI - FL 

Result #

Movement Multiple Providers Restricted 

Movement

Third Party 

Language

Advertised 

Ethnicity

Potential (AMP) 

34 0 0 1 0 0 0

38 1 1 0 0 0 0

39 0 0 0 0 0 0

42 0 0 0 0 0 0

51 1 0 0 0 1 0

58 1 0 1 0 0 0

59 0 1 0 0 0 0

81 0 0 0 0 0 0

103 0 0 0 0 0 0

108 1 0 1 0 1 0

120 0 0 0 0 0 0

130 1 1 0 0 0 0

141 1 0 0 0 0 0

143 0 1 1 0 1 0

154 1 0 1 0 0 0

156 0 0 0 0 0 0

157 0 0 0 0 0 0

169 0 0 0 0 0 0

190 0 0 0 0 1 0

200 0 0 1 0 1 0  
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Secondary Coder – KR (1 of 3) 

 

KR - HI 

Result #

Movement Multiple Providers Restricted 

Movement

Third Party 

Language

Advertised 

Ethnicity

Potential (AMP) 

26H 0 1 1 1 1 1
40H 1 0 0 0 0 0
61H 1 0 0 0 0 0
84H 1 0 0 0 1 0
87H 1 0 1 0 0 0
91H 1 0 0 0 0 0
111H 1 0 0 0 0 0
112H 1 0 0 0 0 0
116H 1 0 0 0 0 0
117H 0 1 0 1 0 1
118H 1 0 1 0 0 0
122H 1 0 0 0 1 0
137H 0 1 1 1 1 1
147H 0 0 1 0 1 0
149H 0 1 0 0 1 1
169H 1 0 0 0 0 0
175H 0 0 0 0 1 0
189H 0 0 0 0 1 0
192H 1 1 0 0 0 0
199H 1 0 0 0 1 0  
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Secondary Coder – KR (2 of 3) 

 

KR - OR 

Result #

Movement Multiple Providers Restricted 

Movement

Third Party 

Language

Advertised 

Ethnicity

Potential (AMP) 

4-O 0 0 1 0 0 1
25-O 1 0 0 0 1 0
31-O 1 0 0 0 0 0
40-O 0 0 0 0 0 0
48-O 1 0 1 0 1 0
64-O 0 0 0 0 0 0
77-O 0 0 0 0 0 0
78-O 0 0 1 0 0 1
83-O 0 0 1 0 1 0
85-O 1 0 1 0 0 0
93-O 1 0 0 0 0 0
94-O 1 0 1 0 0 0
107-O 0 0 0 0 0 0
119-O 0 0 0 0 0 0
163-O 1 0 0 0 1 0
166-O 1 0 0 0 1 0
174-O 1 0 0 0 0 0
182-O 1 0 1 0 0 0
184-O 1 0 0 0 0 0
191-O 0 0 0 0 0 0  
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Secondary Coder – KR (3 of 3) 

 

KR - FL 

Result #

Movement Multiple Providers Restricted 

Movement

Third Party 

Language

Advertised 

Ethnicity

Potential (AMP) 

34F 0 0 1 0 0 0
38F 0 1 0 0 0 0
39F 0 0 0 0 0 0
42F 0 0 0 1 0 0
51F 1 0 0 0 1 0
58F 1 0 0 0 1 0
59F 0 1 0 0 0 0
81F 0 0 0 0 0 0
103F 1 0 0 0 0 0
108F 0 0 0 0 1 0
120F 0 0 0 0 0 0
130F 1 1 0 0 0 0
141F 0 0 1 0 0 0
143F 1 1 0 0 0 0
154F 1 0 1 0 1 0
156F 0 0 0 0 0 0
157F 0 0 0 0 0 0
169F 0 0 0 0 0 0
190F 0 0 0 0 1 0
200F 0 0 1 0 1 0  
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  Cross-tab Tables 

KR KR

Yes No Yes No

MI Yes 25 5 30 MI Yes 2 0 2

No 5 25 30 No 2 56 58

30 30 60 4 56 60

Kappa     K 0.667 Kappa     K 0.651

SE 0.096 SE 0.227

KR KR

Yes No Yes No

MI Yes 8 1 9 MI Yes 14 2 16

No 1 50 51 No 6 38 44

9 51 60 20 40 60

Kappa     K 0.869 Kappa     K 0.684

SE 0.09 SE 0.102

KR KR

Yes No Yes No

MI Yes 15 6 21 MI Yes 5 0 5

No 1 38 39 No 1 54 55

16 44 60 6 54 60

Kappa     K 0.729 Kappa     K 0.9

SE 0.094 SE 0.099

Movement Third Party Language

Multiple Providers Advertised Ethnicity

Restricted Movement Potential AMP
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Appendix D – Location Networks SNA Reports 

SNA REPORT – Combined State Level Data 

Input data: Combined State Data 

Start time: Fri Jan 23 14:52:02 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 51.000 

Column count 51.000 

Link count 655.000 

Density 0.514 

Components of 1 node (isolates) 4 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 2.328 

Clustering coefficient 0.764 

Network diameter (considers only reachable pairs) 5.000 

Network fragmentation 0.152 

Krackhardt connectedness 0.848 

Krackhardt efficiency 0.412 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 

Degree centralization 0.065 

Betweenness centralization 0.055 

Closeness centralization 0.000 

Eigenvector centralization 0.734 

Reciprocal (symmetric)? Yes 
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Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.073 0.010 0.015 

Total degree centrality [Unscaled] 0.000 1673.000 231.176 345.400 

In-degree centrality 0.000 0.073 0.010 0.015 

In-degree centrality [Unscaled] 0.000 1673.000 231.176 345.400 

Out-degree centrality 0.000 0.073 0.010 0.015 

Out-degree centrality [Unscaled] 0.000 1673.000 231.176 345.400 

Eigenvector centrality 0.000 0.805 0.100 0.171 

Eigenvector centrality [Unscaled] 0.000 0.569 0.071 0.121 

Eigenvector centrality per component 0.000 0.525 0.065 0.111 

Closeness centrality 0.000 0.001 0.000 0.000 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.000 0.001 0.000 0.000 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.073 0.019 0.021 

Betweenness centrality [Unscaled] 0.000 89.643 23.358 25.204 

Betweenness centrality (links inverted) 0.000 0.463 0.029 0.097 

Betweenness centrality (links inverted) [Unscaled] 0.000 567.500 36.118 118.954 

Hub centrality 0.000 0.656 0.116 0.160 

Authority centrality 0.000 0.656 0.116 0.160 

Information centrality 0.000 0.028 0.020 0.008 

Information centrality [Unscaled] 0.000 29.105 20.630 8.606 

Clique membership count 0.000 88.000 31.059 29.226 

Simmelian ties 0.000 0.840 0.513 0.261 

Simmelian ties [Unscaled] 0.000 42.000 25.647 13.043 

Clustering coefficient 0.000 1.000 0.764 0.268 

 

Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 
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Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.513726)  

Rank Location Value Unscaled Context* 

1 OR 0.073 1673.000 -6.303 

2 CA 0.061 1409.000 -6.467 

3 WA 0.057 1318.000 -6.523 

4 TX 0.033 767.000 -6.865 

5 HI 0.024 548.000 -7.001 

6 AZ 0.020 451.000 -7.061 

7 FL 0.020 451.000 -7.061 

8 ID 0.015 345.000 -7.126 

9 CO 0.013 309.000 -7.149 

10 UT 0.013 303.000 -7.152 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.010 Mean in random network:  0.514 



216 

 

Std.dev:  0.015 Std.dev in random network:  0.070 

 

In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 OR 0.073 1673.000 

2 CA 0.061 1409.000 

3 WA 0.057 1318.000 

4 TX 0.033 767.000 

5 HI 0.024 548.000 

6 AZ 0.020 451.000 

7 FL 0.020 451.000 

8 ID 0.015 345.000 

9 CO 0.013 309.000 

10 UT 0.013 303.000 

 

Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 

connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 OR 0.073 1673.000 

2 CA 0.061 1409.000 

3 WA 0.057 1318.000 
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4 TX 0.033 767.000 

5 HI 0.024 548.000 

6 AZ 0.020 451.000 

7 FL 0.020 451.000 

8 ID 0.015 345.000 

9 CO 0.013 309.000 

10 UT 0.013 303.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.513726)  

Rank Location Value Unscaled Context* 

1 OR 0.805 0.569 0.136 

2 WA 0.733 0.518 -0.096 

3 CA 0.619 0.438 -0.458 

4 TX 0.350 0.248 -1.319 

5 AZ 0.254 0.179 -1.628 

6 HI 0.238 0.168 -1.678 

7 ID 0.192 0.136 -1.825 

8 UT 0.163 0.116 -1.916 

9 CO 0.136 0.096 -2.005 

10 NM 0.118 0.083 -2.061 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.100 Mean in random network:  0.763 

Std.dev:  0.171 Std.dev in random network:  0.313 
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Eigenvector centrality per component 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 OR 0.525 

2 WA 0.477 

3 CA 0.404 

4 TX 0.228 

5 AZ 0.165 

6 HI 0.155 

7 ID 0.125 

8 UT 0.106 

9 CO 0.088 

10 NM 0.077 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.513726)  

Rank Location Value Unscaled Context* 

1 NV 5.312e-004 1.062e-005 -22.239 

2 AK 5.312e-004 1.062e-005 -22.239 

3 KS 5.312e-004 1.062e-005 -22.239 

4 MI 5.312e-004 1.062e-005 -22.239 

5 NY 5.312e-004 1.062e-005 -22.239 

6 GA 5.312e-004 1.062e-005 -22.239 

7 CT 5.311e-004 1.062e-005 -22.239 

8 MO 5.311e-004 1.062e-005 -22.239 

9 NC 5.311e-004 1.062e-005 -22.239 

10 PA 5.311e-004 1.062e-005 -22.239 

* Number of standard deviations from the mean of a random network of the same size and density 
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Mean:  0.000 Mean in random network:  0.672 

Std.dev:  0.000 Std.dev in random network:  0.030 

 

In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 NV 5.312e-004 1.062e-005 

2 AK 5.312e-004 1.062e-005 

3 KS 5.312e-004 1.062e-005 

4 MI 5.312e-004 1.062e-005 

5 NY 5.312e-004 1.062e-005 

6 GA 5.312e-004 1.062e-005 

7 CT 5.311e-004 1.062e-005 

8 MO 5.311e-004 1.062e-005 

9 NC 5.311e-004 1.062e-005 

10 PA 5.311e-004 1.062e-005 

 

Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.513726)  

Rank Location Value Unscaled Context* 

1 NV 0.073 89.643 22.063 

2 AK 0.062 76.069 18.115 

3 PA 0.062 75.847 18.051 

4 AR 0.060 73.505 17.370 

5 CT 0.059 71.995 16.930 

6 LA 0.055 67.789 15.707 

7 KS 0.050 61.667 13.927 
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8 MI 0.050 61.667 13.927 

9 GA 0.041 50.666 10.728 

10 FL 0.037 45.000 9.080 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.019 Mean in random network:  0.011 

Std.dev:  0.021 Std.dev in random network:  0.003 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 CA 0.463 567.500 

2 OR 0.417 510.500 

3 TX 0.280 343.000 

4 FL 0.233 286.000 

5 IA 0.037 45.000 

6 NC 0.037 45.000 

7 WA 0.037 45.000 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other agents 

sending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by agent 

matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 WA 0.656 
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2 CA 0.640 

3 OR 0.626 

4 TX 0.445 

5 AZ 0.337 

6 HI 0.309 

7 ID 0.262 

8 UT 0.224 

9 CO 0.188 

10 NM 0.163 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 WA 0.656 

2 CA 0.640 

3 OR 0.626 

4 TX 0.445 

5 AZ 0.337 

6 HI 0.309 

7 ID 0.262 

8 UT 0.224 

9 CO 0.188 

10 NM 0.163 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value Unscaled 

1 OR 0.028 29.105 

2 CA 0.028 29.065 

3 WA 0.028 28.942 

4 TX 0.027 28.594 

5 HI 0.027 28.207 

6 FL 0.027 28.010 

7 AZ 0.026 27.842 

8 ID 0.026 27.339 

9 CO 0.026 27.190 

10 UT 0.026 27.042 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 CA 88.000 

2 TX 87.000 

3 IL 84.000 

4 OR 79.000 

5 FL 78.000 

6 NY 78.000 

7 AZ 77.000 

8 IA 77.000 

9 PA 69.000 

10 HI 65.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value Unscaled 

1 CA 0.840 42.000 

2 TX 0.820 41.000 

3 OR 0.800 40.000 

4 FL 0.780 39.000 

5 HI 0.780 39.000 

6 IA 0.780 39.000 

7 IL 0.780 39.000 

8 NY 0.780 39.000 

9 PA 0.760 38.000 

10 CO 0.740 37.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 AR 1.000 

2 DE 1.000 

3 KS 1.000 

4 MI 1.000 

5 MS 1.000 

6 MT 1.000 

7 RI 1.000 

8 WY 1.000 

9 KY 0.978 

10 SC 0.978 
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Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 

Ran

k 

Betweennes

s centrality 

Betweennes

s centrality 

(inverted 

link values) 

Closenes

s 

centralit

y 

Eigenvecto

r centrality 

Eigenvecto

r centrality 

per 

component 

In-

degree 

centralit

y 

In-

Closenes

s 

centralit

y 

Out-

degree 

centralit

y 

Total 

degree 

centralit

y 

1 NV CA NV OR OR OR NV OR OR 

2 AK OR AK WA WA CA AK CA CA 

3 PA TX KS CA CA WA KS WA WA 

4 AR FL MI TX TX TX MI TX TX 

5 CT IA NY AZ AZ HI NY HI HI 

6 LA NC GA HI HI AZ GA AZ AZ 

7 KS WA CT ID ID FL CT FL FL 

8 MI AK MO UT UT ID MO ID ID 

9 GA AL NC CO CO CO NC CO CO 

10 FL AR PA NM NM UT PA UT UT 

Produced by ORA-NetScenes, a joint product of the CASOS center at Carnegie Mellon University and Netanomics 

 

 

 

SNA Report – Overall Sample City Level Data 

Input data: Combined City (Folded No Self Loops) 

Start time: Sun Jan 25 19:52:10 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 285.000 

Column count 285.000 

Link count 4969.000 

Density 0.123 
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Components of 1 node (isolates) 1 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 2.310 

Clustering coefficient 0.756 

Network diameter (considers only reachable pairs) 6.000 

Network fragmentation 0.007 

Krackhardt connectedness 0.993 

Krackhardt efficiency 0.883 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 

Degree centralization 0.038 

Betweenness centralization 0.087 

Closeness centralization 0.000 

Eigenvector centralization 0.568 

Reciprocal (symmetric)? Yes 

 

Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.041 0.004 0.005 

Total degree centrality [Unscaled] 0.000 628.000 56.056 76.724 

In-degree centrality 0.000 0.041 0.004 0.005 

In-degree centrality [Unscaled] 0.000 628.000 56.056 76.724 

Out-degree centrality 0.000 0.041 0.004 0.005 

Out-degree centrality [Unscaled] 0.000 628.000 56.056 76.724 

Eigenvector centrality 0.000 0.605 0.041 0.073 

Eigenvector centrality [Unscaled] 0.000 0.428 0.029 0.052 

Eigenvector centrality per component 0.000 0.427 0.029 0.051 

Closeness centrality 0.000 0.018 0.018 0.001 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.000 0.018 0.018 0.001 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.091 0.005 0.009 

Betweenness centrality [Unscaled] 0.000 3675.565 181.767 371.758 
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Betweenness centrality (links inverted) 0.000 0.401 0.007 0.037 

Betweenness centrality (links inverted) [Unscaled] 0.000 16111.700 276.615 1493.211 

Hub centrality 0.000 0.508 0.043 0.072 

Authority centrality 0.000 0.508 0.043 0.072 

Information centrality 0.000 0.005 0.004 0.001 

Information centrality [Unscaled] 0.000 11.917 7.826 2.860 

Clique membership count 0.000 1704.000 118.898 277.792 

Simmelian ties 0.000 0.504 0.123 0.110 

Simmelian ties [Unscaled] 0.000 143.000 34.856 31.365 

Clustering coefficient 0.000 1.000 0.756 0.239 

 

Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 

 

Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.122782)  
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Rank Location Value Unscaled Context* 

1 Portland, OR 0.041 628.000 -4.209 

2 Eugene, OR 0.027 417.000 -4.917 

3 Seattle, WA 0.026 393.000 -4.998 

4 Salem, OR 0.023 346.000 -5.155 

5 Miami, FL 0.020 309.000 -5.279 

6 Honolulu, HI 0.020 301.000 -5.306 

7 Medford, OR 0.019 286.000 -5.357 

8 Ft Lauderdale, FL 0.017 265.000 -5.427 

9 Bend, OR 0.017 264.000 -5.430 

10 Phoenix, AZ 0.016 252.000 -5.471 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.004 Mean in random network:  0.123 

Std.dev:  0.005 Std.dev in random network:  0.019 

In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Portland, OR 0.041 628.000 

2 Eugene, OR 0.027 417.000 

3 Seattle, WA 0.026 393.000 

4 Salem, OR 0.023 346.000 

5 Miami, FL 0.020 309.000 

6 Honolulu, HI 0.020 301.000 

7 Medford, OR 0.019 286.000 

8 Ft Lauderdale, FL 0.017 265.000 

9 Bend, OR 0.017 264.000 

10 Phoenix, AZ 0.016 252.000 
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Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 

connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Portland, OR 0.041 628.000 

2 Eugene, OR 0.027 417.000 

3 Seattle, WA 0.026 393.000 

4 Salem, OR 0.023 346.000 

5 Miami, FL 0.020 309.000 

6 Honolulu, HI 0.020 301.000 

7 Medford, OR 0.019 286.000 

8 Ft Lauderdale, FL 0.017 265.000 

9 Bend, OR 0.017 264.000 

10 Phoenix, AZ 0.016 252.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.122782)  

Rank Location Value Unscaled Context* 

1 Portland, OR 0.605 0.428 -1.004 

2 Eugene, OR 0.434 0.307 -2.881 

3 Seattle, WA 0.426 0.301 -2.973 

4 Salem, OR 0.396 0.280 -3.303 
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5 Bend, OR 0.301 0.213 -4.347 

6 Medford, OR 0.260 0.184 -4.794 

7 Boise, ID 0.238 0.168 -5.038 

8 Olympia, WA 0.226 0.160 -5.166 

9 Phoenix, AZ 0.225 0.159 -5.184 

10 Everett, WA 0.214 0.151 -5.299 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.041 Mean in random network:  0.697 

Std.dev:  0.073 Std.dev in random network:  0.091 

 

Eigenvector centrality per component 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Portland, OR 0.427 

2 Eugene, OR 0.306 

3 Seattle, WA 0.300 

4 Salem, OR 0.279 

5 Bend, OR 0.212 

6 Medford, OR 0.183 

7 Boise, ID 0.168 

8 Olympia, WA 0.159 

9 Phoenix, AZ 0.158 

10 Everett, WA 0.151 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.122782)  
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Rank Location Value Unscaled Context* 

1 Oklahoma City, OK 0.018 6.287e-005 -48.910 

2 Albuquerque, NM 0.018 6.285e-005 -48.911 

3 Wasington, DC 0.018 6.284e-005 -48.911 

4 Newark (N. NJ) 0.018 6.283e-005 -48.911 

5 Ft. Collins, CO 0.018 6.282e-005 -48.912 

6 Norfolk, VA 0.018 6.279e-005 -48.912 

7 Birmingham, AL 0.018 6.279e-005 -48.912 

8 Houston, TX 0.018 6.279e-005 -48.913 

9 Medford, OR 0.018 6.279e-005 -48.913 

10 Honolulu, HI 0.018 6.278e-005 -48.913 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.018 Mean in random network:  0.537 

Std.dev:  0.001 Std.dev in random network:  0.011 

 

In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Oklahoma City, OK 0.018 6.287e-005 

2 Albuquerque, NM 0.018 6.285e-005 

3 Wasington, DC 0.018 6.284e-005 

4 Newark (N. NJ) 0.018 6.283e-005 

5 Ft. Collins, CO 0.018 6.282e-005 

6 Norfolk, VA 0.018 6.279e-005 

7 Birmingham, AL 0.018 6.279e-005 

8 Houston, TX 0.018 6.279e-005 

9 Medford, OR 0.018 6.279e-005 

10 Honolulu, HI 0.018 6.278e-005 
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Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.122782)  

Rank Location Value Unscaled Context* 

1 Miami, FL 0.091 3675.565 59.486 

2 Ft Lauderdale, FL 0.080 3197.942 51.520 

3 Medford, OR 0.036 1457.482 22.492 

4 Honolulu, HI 0.030 1217.773 18.494 

5 Newark (N. NJ) 0.029 1158.637 17.508 

6 Wasington, DC 0.028 1119.408 16.854 

7 Eugene, OR 0.024 968.781 14.342 

8 West Palm Beach, FL 0.023 913.260 13.416 

9 Albuquerque, NM 0.023 907.600 13.321 

10 Sacramento, CA 0.022 902.036 13.229 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.005 Mean in random network:  0.003 

Std.dev:  0.009 Std.dev in random network:  0.001 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 Portland, OR 0.401 16111.700 

2 Miami, FL 0.350 14077.327 

3 Honolulu, HI 0.197 7932.316 
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4 Ft Lauderdale, FL 0.184 7397.452 

5 Baltimore, MD 0.145 5815.302 

6 Eugene, OR 0.089 3581.319 

7 Medford, OR 0.079 3163.861 

8 West Palm Beach, FL 0.068 2724.333 

9 Wasington, DC 0.058 2335.835 

10 Maui, HI 0.054 2150.118 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other agents 

sending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by agent 

matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Portland, OR 0.508 

2 Eugene, OR 0.418 

3 Seattle, WA 0.413 

4 Salem, OR 0.388 

5 Bend, OR 0.309 

6 Medford, OR 0.270 

7 Boise, ID 0.249 

8 Olympia, WA 0.237 

9 Phoenix, AZ 0.237 

10 Everett, WA 0.226 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 
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1 Portland, OR 0.508 

2 Eugene, OR 0.418 

3 Seattle, WA 0.413 

4 Salem, OR 0.388 

5 Bend, OR 0.309 

6 Medford, OR 0.270 

7 Boise, ID 0.249 

8 Olympia, WA 0.237 

9 Phoenix, AZ 0.237 

10 Everett, WA 0.226 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Portland, OR 0.005 11.917 

2 Eugene, OR 0.005 11.808 

3 Seattle, WA 0.005 11.786 

4 Salem, OR 0.005 11.734 

5 Honolulu, HI 0.005 11.688 

6 Medford, OR 0.005 11.659 

7 Miami, FL 0.005 11.620 

8 Bend, OR 0.005 11.612 

9 Phoenix, AZ 0.005 11.597 

10 Boise, ID 0.005 11.588 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value 

1 Portland, OR 1704.000 

2 Eugene, OR 1558.000 

3 Seattle, WA 1510.000 

4 Phoenix, AZ 1322.000 

5 Salem, OR 1299.000 

6 Medford, OR 1202.000 

7 Honolulu, HI 1041.000 

8 Bend, OR 1024.000 

9 Albuquerque, NM 987.000 

10 Boise, ID 943.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Portland, OR 0.504 143.000 

2 Eugene, OR 0.496 141.000 

3 Honolulu, HI 0.454 129.000 

4 Medford, OR 0.454 129.000 

5 Seattle, WA 0.423 120.000 

6 Salem, OR 0.419 119.000 

7 Miami, FL 0.398 113.000 

8 Wasington, DC 0.398 113.000 

9 Albuquerque, NM 0.394 112.000 

10 Los Angeles, CA 0.377 107.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 
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1 Albany, OR 1.000 

2 Appleton, WI 1.000 

3 Ashland, OR 1.000 

4 Atlantic City, NJ 1.000 

5 Aventura, FL 1.000 

6 Beaumont, TX 1.000 

7 Biloxi, MS 1.000 

8 Biscayne, FL 1.000 

9 Bloomington, IL 1.000 

10 Bowling Green, KY 1.000 

 

Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 

Ran

k 

Betweenne

ss 

centrality 

Betweenn

ess 

centrality 

(inverted 

link 

values) 

Closeness 

centrality 

Eigenvect

or 

centrality 

Eigenvect

or 

centrality 

per 

compone

nt 

In-

degree 

centralit

y 

In-

Closeness 

centrality 

Out-

degree 

centralit

y 

Total 

degree 

centralit
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1 Miami, FL 
Portland, 

OR 

Oklahoma 

City, OK 

Portland, 

OR 

Portland, 

OR 

Portland, 

OR 

Oklahoma 

City, OK 

Portland, 

OR 

Portland, 

OR 

2 

Ft 

Lauderdale

, FL 

Miami, FL 
Albuquerq

ue, NM 

Eugene, 

OR 

Eugene, 

OR 

Eugene, 

OR 

Albuquerq

ue, NM 

Eugene, 

OR 

Eugene, 

OR 

3 
Medford, 

OR 

Honolulu, 

HI 

Wasington, 

DC 

Seattle, 

WA 

Seattle, 

WA 

Seattle, 

WA 

Wasington, 

DC 

Seattle, 

WA 

Seattle, 

WA 

4 
Honolulu, 

HI 

Ft 

Lauderdale

, FL 

Newark 

(N. NJ) 

Salem, 

OR 

Salem, 

OR 

Salem, 

OR 

Newark 

(N. NJ) 

Salem, 

OR 

Salem, 

OR 

5 
Newark 

(N. NJ) 

Baltimore, 

MD 

Ft. Collins, 

CO 
Bend, OR Bend, OR 

Miami, 

FL 

Ft. Collins, 

CO 

Miami, 

FL 

Miami, 

FL 

6 
Wasington, 

DC 

Eugene, 

OR 

Norfolk, 

VA 

Medford, 

OR 

Medford, 

OR 

Honolulu, 

HI 

Norfolk, 

VA 

Honolulu, 

HI 

Honolulu, 

HI 

7 
Eugene, 

OR 

Medford, 

OR 

Birmingha

m, AL 
Boise, ID Boise, ID 

Medford, 

OR 

Birmingha

m, AL 

Medford, 

OR 

Medford, 

OR 

8 
West Palm 

Beach, FL 

West Palm 

Beach, FL 

Medford, 

OR 

Olympia, 

WA 

Olympia, 

WA 

Ft 

Lauderda

le, FL 

Medford, 

OR 

Ft 

Lauderda

le, FL 

Ft 

Lauderda

le, FL 

9 
Albuquerq

ue, NM 

Wasington, 

DC 

Houston, 

TX 

Phoenix, 

AZ 

Phoenix, 

AZ 
Bend, OR 

Houston, 

TX 
Bend, OR Bend, OR 
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10 
Sacrament

o, CA 
Maui, HI 

Honolulu, 

HI 

Everett, 

WA 

Everett, 

WA 

Phoenix, 

AZ 

Honolulu, 

HI 

Phoenix, 

AZ 

Phoenix, 

AZ 

Produced by ORA-NetScenes, a joint product of the CASOS center at Carnegie Mellon University and Netanomics 

 

 

 

SNA Report – Hawai‘i State Level Data 

Input data: HI State (Folded No Self Loops) 

Start time: Sun Jan 25 20:06:47 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 51.000 

Column count 51.000 

Link count 426.000 

Density 0.334 

Components of 1 node (isolates) 11 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 2.331 

Clustering coefficient 0.678 

Network diameter (considers only reachable pairs) 7.000 

Network fragmentation 0.388 

Krackhardt connectedness 0.612 

Krackhardt efficiency 0.478 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 

Degree centralization 0.067 

Betweenness centralization 0.057 

Closeness centralization 0.000 
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Eigenvector centralization 0.770 

Reciprocal (symmetric)? Yes 

 

Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.074 0.010 0.014 

Total degree centrality [Unscaled] 0.000 431.000 57.765 78.491 

In-degree centrality 0.000 0.074 0.010 0.014 

In-degree centrality [Unscaled] 0.000 431.000 57.765 78.491 

Out-degree centrality 0.000 0.074 0.010 0.014 

Out-degree centrality [Unscaled] 0.000 431.000 57.765 78.491 

Eigenvector centrality 0.000 0.852 0.113 0.163 

Eigenvector centrality [Unscaled] 0.000 0.603 0.080 0.115 

Eigenvector centrality per component 0.000 0.473 0.063 0.090 

Closeness centrality 0.000 0.001 0.001 0.000 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.000 0.001 0.001 0.000 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.066 0.010 0.014 

Betweenness centrality [Unscaled] 0.000 81.007 12.349 16.637 

Betweenness centrality (links inverted) 0.000 0.435 0.017 0.068 

Betweenness centrality (links inverted) [Unscaled] 0.000 532.500 20.588 83.092 

Hub centrality 0.000 0.654 0.138 0.142 

Authority centrality 0.000 0.654 0.138 0.142 

Information centrality 0.000 0.040 0.020 0.013 

Information centrality [Unscaled] 0.000 33.357 16.183 10.498 

Clique membership count 0.000 17.000 3.353 3.945 

Simmelian ties 0.000 0.780 0.334 0.245 

Simmelian ties [Unscaled] 0.000 39.000 16.706 12.267 

Clustering coefficient 0.000 1.000 0.678 0.376 
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Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 

 

Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.334118)  

Rank Location Value Unscaled Context* 

1 CA 0.074 431.000 -3.934 

2 HI 0.060 348.000 -4.150 

3 TX 0.024 137.000 -4.701 

4 IL 0.022 126.000 -4.730 

5 IA 0.022 125.000 -4.732 

6 FL 0.021 122.000 -4.740 

7 NY 0.020 118.000 -4.751 

8 VA 0.018 107.000 -4.779 

9 MA 0.018 104.000 -4.787 
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10 MO 0.017 100.000 -4.798 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.010 Mean in random network:  0.334 

Std.dev:  0.014 Std.dev in random network:  0.066 

 

In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 CA 0.074 431.000 

2 HI 0.060 348.000 

3 TX 0.024 137.000 

4 IL 0.022 126.000 

5 IA 0.022 125.000 

6 FL 0.021 122.000 

7 NY 0.020 118.000 

8 VA 0.018 107.000 

9 MA 0.018 104.000 

10 MO 0.017 100.000 

 

Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 

connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value Unscaled 

1 CA 0.074 431.000 

2 HI 0.060 348.000 

3 TX 0.024 137.000 

4 IL 0.022 126.000 

5 IA 0.022 125.000 

6 FL 0.021 122.000 

7 NY 0.020 118.000 

8 VA 0.018 107.000 

9 MA 0.018 104.000 

10 MO 0.017 100.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.334118)  

Rank Location Value Unscaled Context* 

1 CA 0.852 0.603 0.549 

2 HI 0.802 0.567 0.389 

3 NY 0.299 0.211 -1.214 

4 IL 0.254 0.179 -1.357 

5 VA 0.229 0.162 -1.436 

6 TX 0.195 0.138 -1.544 

7 IA 0.189 0.134 -1.563 

8 CO 0.183 0.129 -1.583 

9 FL 0.177 0.125 -1.602 

10 MA 0.169 0.120 -1.626 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.113 Mean in random network:  0.680 

Std.dev:  0.163 Std.dev in random network:  0.314 
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Eigenvector centrality per component 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 CA 0.473 

2 HI 0.445 

3 NY 0.166 

4 IL 0.141 

5 VA 0.127 

6 TX 0.108 

7 IA 0.105 

8 CO 0.101 

9 FL 0.098 

10 MA 0.094 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.334118)  

Rank Location Value Unscaled Context* 

1 AK 7.675e-004 1.535e-005 -22.198 

2 ID 7.675e-004 1.535e-005 -22.198 

3 KS 7.675e-004 1.535e-005 -22.198 

4 MI 7.675e-004 1.535e-005 -22.198 

5 NC 7.675e-004 1.535e-005 -22.198 

6 IL 7.675e-004 1.535e-005 -22.198 

7 MN 7.675e-004 1.535e-005 -22.198 

8 NY 7.675e-004 1.535e-005 -22.198 

9 NV 7.675e-004 1.535e-005 -22.198 

10 OK 7.675e-004 1.535e-005 -22.198 

* Number of standard deviations from the mean of a random network of the same size and density 
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Mean:  0.001 Mean in random network:  0.602 

Std.dev:  0.000 Std.dev in random network:  0.027 

 

In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 AK 7.675e-004 1.535e-005 

2 ID 7.675e-004 1.535e-005 

3 KS 7.675e-004 1.535e-005 

4 MI 7.675e-004 1.535e-005 

5 NC 7.675e-004 1.535e-005 

6 IL 7.675e-004 1.535e-005 

7 MN 7.675e-004 1.535e-005 

8 NY 7.675e-004 1.535e-005 

9 NV 7.675e-004 1.535e-005 

10 OK 7.675e-004 1.535e-005 

 

Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.334118)  

Rank Location Value Unscaled Context* 

1 IL 0.066 81.007 5.617 

2 TN 0.048 58.400 3.492 

3 PA 0.036 44.299 2.166 

4 NM 0.032 39.118 1.679 

5 WA 0.029 35.510 1.340 

6 NY 0.029 34.936 1.286 

7 MN 0.022 26.636 0.505 
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8 MA 0.020 25.089 0.360 

9 OR 0.018 22.531 0.119 

10 TX 0.018 21.738 0.045 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.010 Mean in random network:  0.017 

Std.dev:  0.014 Std.dev in random network:  0.009 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 CA 0.435 532.500 

2 HI 0.202 247.500 

3 FL 0.128 156.500 

4 IA 0.038 46.000 

5 MN 0.031 38.000 

6 TX 0.024 29.500 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other agents 

sending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by agent 

matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 HI 0.654 

2 CA 0.586 
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3 NY 0.400 

4 IL 0.348 

5 VA 0.315 

6 TX 0.268 

7 IA 0.263 

8 CO 0.258 

9 FL 0.244 

10 MA 0.241 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 HI 0.654 

2 CA 0.586 

3 NY 0.400 

4 IL 0.348 

5 VA 0.315 

6 TX 0.268 

7 IA 0.263 

8 CO 0.258 

9 FL 0.244 

10 MA 0.241 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 CA 0.040 33.357 
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2 HI 0.040 32.768 

3 TX 0.035 28.888 

4 IL 0.035 28.478 

5 IA 0.034 28.309 

6 FL 0.034 28.043 

7 NY 0.034 27.835 

8 VA 0.033 27.271 

9 MA 0.033 27.203 

10 MO 0.033 26.834 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 HI 17.000 

2 CA 15.000 

3 IL 12.000 

4 NY 10.000 

5 IA 9.000 

6 TX 9.000 

7 DC 7.000 

8 MN 7.000 

9 MO 7.000 

10 OK 7.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 HI 0.780 39.000 
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2 CA 0.740 37.000 

3 IL 0.700 35.000 

4 IA 0.660 33.000 

5 TX 0.660 33.000 

6 MA 0.620 31.000 

7 MO 0.620 31.000 

8 OK 0.620 31.000 

9 NY 0.600 30.000 

10 NE 0.580 29.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 CT 1.000 

2 DE 1.000 

3 GA 1.000 

4 ID 1.000 

5 IN 1.000 

6 KS 1.000 

7 MD 1.000 

8 MI 1.000 

9 NC 1.000 

10 ND 1.000 

 

Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 

Ran

k 

Betweennes

s centrality 

Betweennes

s centrality 

(inverted 

link values) 

Closenes

s 

centralit

y 

Eigenvecto

r centrality 

Eigenvecto

r centrality 

per 

component 

In-

degree 

centralit

y 

In-

Closenes

s 

centralit

y 

Out-

degree 

centralit

y 

Total 

degree 

centralit

y 

1 IL CA AK CA CA CA AK CA CA 
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2 TN HI ID HI HI HI ID HI HI 

3 PA FL KS NY NY TX KS TX TX 

4 NM IA MI IL IL IL MI IL IL 

5 WA MN NC VA VA IA NC IA IA 

6 NY TX IL TX TX FL IL FL FL 

7 MN AK MN IA IA NY MN NY NY 

8 MA AL NY CO CO VA NY VA VA 

9 OR AR NV FL FL MA NV MA MA 

10 TX AZ OK MA MA MO OK MO MO 

Produced by ORA-NetScenes, a joint product of the CASOS center at Carnegie Mellon University and Netanomics 

 

 

 

SNA Report – Hawai‘i City Level Data 

Input data: HI City (Folded No Self Loops) 

Start time: Sun Jan 25 20:08:30 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 285.000 

Column count 285.000 

Link count 1366.000 

Density 0.034 

Components of 1 node (isolates) 161 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 2.029 

Clustering coefficient 0.367 

Network diameter (considers only reachable pairs) 5.000 

Network fragmentation 0.812 
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Krackhardt connectedness 0.188 

Krackhardt efficiency 0.834 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 

Degree centralization 0.028 

Betweenness centralization 0.046 

Closeness centralization 0.000 

Eigenvector centralization 0.719 

Reciprocal (symmetric)? Yes 

 

Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.030 0.001 0.003 

Total degree centrality [Unscaled] 0.000 227.000 11.481 21.777 

In-degree centrality 0.000 0.030 0.001 0.003 

In-degree centrality [Unscaled] 0.000 227.000 11.481 21.777 

Out-degree centrality 0.000 0.030 0.001 0.003 

Out-degree centrality [Unscaled] 0.000 227.000 11.481 21.777 

Eigenvector centrality 0.000 0.746 0.032 0.078 

Eigenvector centrality [Unscaled] 0.000 0.528 0.022 0.055 

Eigenvector centrality per component 0.000 0.230 0.010 0.024 

Closeness centrality 0.000 0.000 0.000 0.000 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.000 0.000 0.000 0.000 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.046 0.001 0.003 

Betweenness centrality [Unscaled] 0.000 1864.344 26.798 127.576 

Betweenness centrality (links inverted) 0.000 0.127 0.001 0.008 

Betweenness centrality (links inverted) [Unscaled] 0.000 5085.649 27.431 308.606 

Hub centrality 0.000 0.586 0.037 0.075 

Authority centrality 0.000 0.586 0.037 0.075 

Information centrality 0.000 0.017 0.004 0.005 

Information centrality [Unscaled] 0.000 22.239 4.572 5.953 

Clique membership count 0.000 73.000 2.361 7.384 

Simmelian ties 0.000 0.387 0.034 0.052 
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Simmelian ties [Unscaled] 0.000 110.000 9.579 14.848 

Clustering coefficient 0.000 1.000 0.367 0.445 

 

Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 

 

Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0337534)  

Rank Location Value Unscaled Context* 

1 Honolulu, HI 0.030 227.000 -0.388 

2 Kona, HI 0.016 125.000 -1.631 

3 Maui, HI 0.014 106.000 -1.863 

4 Sacramento, CA 0.010 78.000 -2.204 

5 Tulsa, OK 0.009 67.000 -2.338 

6 New York, NY 0.008 65.000 -2.363 
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7 Wasington, DC 0.008 63.000 -2.387 

8 San Diego, CA 0.008 62.000 -2.399 

9 Omaha, NE 0.007 54.000 -2.497 

10 San Francisco, CA 0.007 53.000 -2.509 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.001 Mean in random network:  0.034 

Std.dev:  0.003 Std.dev in random network:  0.011 

 

In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Honolulu, HI 0.030 227.000 

2 Kona, HI 0.016 125.000 

3 Maui, HI 0.014 106.000 

4 Sacramento, CA 0.010 78.000 

5 Tulsa, OK 0.009 67.000 

6 New York, NY 0.008 65.000 

7 Wasington, DC 0.008 63.000 

8 San Diego, CA 0.008 62.000 

9 Omaha, NE 0.007 54.000 

10 San Francisco, CA 0.007 53.000 

 

Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 
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connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Honolulu, HI 0.030 227.000 

2 Kona, HI 0.016 125.000 

3 Maui, HI 0.014 106.000 

4 Sacramento, CA 0.010 78.000 

5 Tulsa, OK 0.009 67.000 

6 New York, NY 0.008 65.000 

7 Wasington, DC 0.008 63.000 

8 San Diego, CA 0.008 62.000 

9 Omaha, NE 0.007 54.000 

10 San Francisco, CA 0.007 53.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0337534)  

Rank Location Value Unscaled Context* 

1 Honolulu, HI 0.746 0.528 -2.336 

2 Kona, HI 0.654 0.463 -2.939 

3 Maui, HI 0.572 0.405 -3.479 

4 Sacramento, CA 0.263 0.186 -5.508 

5 San Francisco, CA 0.225 0.159 -5.760 

6 New York, NY 0.218 0.154 -5.806 

7 San Jose, CA 0.203 0.144 -5.903 

8 Wasington, DC 0.185 0.131 -6.024 

9 San Diego, CA 0.176 0.124 -6.084 

10 Orange County, CA 0.164 0.116 -6.157 
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* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.032 Mean in random network:  1.102 

Std.dev:  0.078 Std.dev in random network:  0.152 

 

Eigenvector centrality per component 
Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Honolulu, HI 0.230 

2 Kona, HI 0.201 

3 Maui, HI 0.176 

4 Sacramento, CA 0.081 

5 San Francisco, CA 0.069 

6 New York, NY 0.067 

7 San Jose, CA 0.063 

8 Wasington, DC 0.057 

9 San Diego, CA 0.054 

10 Orange County, CA 0.051 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0337534)  

Rank Location Value Unscaled Context* 

1 Honolulu, HI 2.292e-004 8.071e-007 70.161 

2 Tulsa, OK 2.292e-004 8.070e-007 70.161 

3 Omaha, NE 2.292e-004 8.070e-007 70.161 

4 Sacramento, CA 2.292e-004 8.070e-007 70.161 

5 Wasington, DC 2.292e-004 8.070e-007 70.161 

6 Kona, HI 2.292e-004 8.070e-007 70.161 

7 Richmond, VA 2.292e-004 8.070e-007 70.161 

8 Los Angeles, CA 2.292e-004 8.070e-007 70.161 
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9 Cedar Rapids, IA 2.292e-004 8.070e-007 70.161 

10 Waterloo, IA 2.292e-004 8.070e-007 70.161 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.000 Mean in random network:  0.297 

Std.dev:  0.000 Std.dev in random network:  -0.004 

 

In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Honolulu, HI 2.292e-004 8.071e-007 

2 Tulsa, OK 2.292e-004 8.070e-007 

3 Omaha, NE 2.292e-004 8.070e-007 

4 Sacramento, CA 2.292e-004 8.070e-007 

5 Wasington, DC 2.292e-004 8.070e-007 

6 Kona, HI 2.292e-004 8.070e-007 

7 Richmond, VA 2.292e-004 8.070e-007 

8 Los Angeles, CA 2.292e-004 8.070e-007 

9 Cedar Rapids, IA 2.292e-004 8.070e-007 

10 Waterloo, IA 2.292e-004 8.070e-007 

 

Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0337534)  

Rank Location Value Unscaled Context* 

1 Honolulu, HI 0.046 1864.344 0.508 

2 Wasington, DC 0.013 505.120 0.066 

3 Kona, HI 0.012 483.627 0.059 
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4 Sacramento, CA 0.011 457.525 0.050 

5 Tulsa, OK 0.008 340.698 0.012 

6 Los Angeles, CA 0.008 326.497 0.008 

7 Maui, HI 0.007 276.608 -0.009 

8 Omaha, NE 0.006 243.820 -0.019 

9 Richmond, VA 0.005 199.687 -0.034 

10 New York, NY 0.005 182.013 -0.039 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.001 Mean in random network:  0.008 

Std.dev:  0.003 Std.dev in random network:  0.076 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 Honolulu, HI 0.127 5085.649 

2 Maui, HI 0.024 962.483 

3 Kona, HI 0.017 666.500 

4 Sacramento, CA 0.006 245.917 

5 Tulsa, OK 0.004 160.083 

6 Wasington, DC 0.003 107.900 

7 Omaha, NE 0.002 80.667 

8 New York, NY 0.002 77.933 

9 San Diego, CA 0.001 59.000 

10 Los Angeles, CA 0.001 57.333 

 

 

 



255 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other agents 

sending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by agent 

matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Honolulu, HI 0.586 

2 Kona, HI 0.578 

3 Maui, HI 0.548 

4 Sacramento, CA 0.303 

5 San Francisco, CA 0.264 

6 New York, NY 0.259 

7 San Jose, CA 0.242 

8 Wasington, DC 0.222 

9 San Diego, CA 0.213 

10 Orange County, CA 0.198 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Honolulu, HI 0.586 

2 Kona, HI 0.578 

3 Maui, HI 0.548 

4 Sacramento, CA 0.303 

5 San Francisco, CA 0.264 

6 New York, NY 0.259 

7 San Jose, CA 0.242 

8 Wasington, DC 0.222 
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9 San Diego, CA 0.213 

10 Orange County, CA 0.198 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Honolulu, HI 0.017 22.239 

2 Kona, HI 0.015 20.187 

3 Maui, HI 0.015 19.477 

4 Sacramento, CA 0.014 18.396 

5 Tulsa, OK 0.014 17.665 

6 Wasington, DC 0.013 17.479 

7 New York, NY 0.013 17.445 

8 San Diego, CA 0.013 17.223 

9 Omaha, NE 0.013 16.526 

10 San Francisco, CA 0.013 16.331 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Honolulu, HI 73.000 

2 Sacramento, CA 50.000 

3 Maui, HI 43.000 

4 Kona, HI 41.000 

5 Wasington, DC 29.000 

6 New York, NY 27.000 

7 Orange County, CA 25.000 

8 San Francisco, CA 22.000 



257 

 

9 San Jose, CA 20.000 

10 Los Angeles, CA 18.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Honolulu, HI 0.387 110.000 

2 Tulsa, OK 0.211 60.000 

3 Kona, HI 0.197 56.000 

4 Sacramento, CA 0.187 53.000 

5 Omaha, NE 0.183 52.000 

6 Wasington, DC 0.173 49.000 

7 Los Angeles, CA 0.158 45.000 

8 San Diego, CA 0.151 43.000 

9 Joplin, MO 0.144 41.000 

10 New York, NY 0.144 41.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Albuquerque, NM 1.000 

2 Amarillo, TX 1.000 

3 Atlantic City, NJ 1.000 

4 Austin, TX 1.000 

5 Bakersfield, CA 1.000 

6 Baltimore, MD 1.000 

7 Beaumont, TX 1.000 

8 Bismarck, ND 1.000 

9 Bloomington, IL 1.000 
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10 Boulder, CO 1.000 

 

Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 

Ran

k 

Betweenne

ss 

centrality 

Betweenne

ss 

centrality 

(inverted 

link 

values) 

Closeness 

centrality 

Eigenvect

or 

centrality 

Eigenvect

or 

centrality 

per 

componen

t 

In-degree 

centrality 

In-

Closeness 

centrality 

Out-

degree 

centrality 

Total 

degree 

centrality 

1 
Honolulu, 

HI 

Honolulu, 

HI 

Honolulu, 

HI 

Honolulu, 

HI 

Honolulu, 

HI 

Honolulu, 

HI 

Honolulu, 

HI 

Honolulu, 

HI 

Honolulu, 

HI 

2 
Wasington, 

DC 
Maui, HI Tulsa, OK Kona, HI Kona, HI Kona, HI Tulsa, OK Kona, HI Kona, HI 

3 Kona, HI Kona, HI 
Sacrament

o, CA 
Maui, HI Maui, HI Maui, HI 

Sacrament

o, CA 
Maui, HI Maui, HI 

4 
Sacrament

o, CA 

Sacrament

o, CA 

Wasingto

n, DC 

Sacrament

o, CA 

Sacrament

o, CA 

Sacrament

o, CA 

Wasingto

n, DC 

Sacrament

o, CA 

Sacrament

o, CA 

5 Tulsa, OK Tulsa, OK 
Omaha, 

NE 

San 

Francisco, 

CA 

San 

Francisco, 

CA 

Tulsa, OK 
Omaha, 

NE 
Tulsa, OK Tulsa, OK 

6 

Los 

Angeles, 

CA 

Wasington, 

DC 
Kona, HI 

New 

York, NY 

New 

York, NY 

New 

York, NY 
Kona, HI 

New 

York, NY 

New 

York, NY 

7 Maui, HI 
Omaha, 

NE 

Richmond

, VA 

San Jose, 

CA 

San Jose, 

CA 

Wasingto

n, DC 

Richmond

, VA 

Wasingto

n, DC 

Wasingto

n, DC 

8 
Omaha, 

NE 

New York, 

NY 

Los 

Angeles, 

CA 

Wasington

, DC 

Wasington

, DC 

San 

Diego, 

CA 

Los 

Angeles, 

CA 

San 

Diego, 

CA 

San 

Diego, 

CA 

9 
Richmond, 

VA 

San Diego, 

CA 

Cedar 

Rapids, 

IA 

San 

Diego, CA 

San 

Diego, CA 

Omaha, 

NE 

Cedar 

Rapids, 

IA 

Omaha, 

NE 

Omaha, 

NE 

10 
New York, 

NY 

Los 

Angeles, 

CA 

Waterloo, 

IA 

Orange 

County, 

CA 

Orange 

County, 

CA 

San 

Francisco, 

CA 

Waterloo, 

IA 

San 

Francisco, 

CA 

San 

Francisco, 

CA 

Produced by ORA-NetScenes, a joint product of the CASOS center at Carnegie Mellon University and Netanomics 
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SNA Report – Oregon State Level Data 

Input data: OR State (Folded No Self Loops) 

Start time: Sun Jan 25 20:13:20 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 51.000 

Column count 51.000 

Link count 409.000 

Density 0.321 

Components of 1 node (isolates) 14 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 2.544 

Clustering coefficient 0.596 

Network diameter (considers only reachable pairs) 8.000 

Network fragmentation 0.478 

Krackhardt connectedness 0.522 

Krackhardt efficiency 0.408 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 

Degree centralization 0.067 

Betweenness centralization 0.048 

Closeness centralization 0.000 

Eigenvector centralization 0.782 

Reciprocal (symmetric)? Yes 

 

Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.071 0.007 0.014 

Total degree centrality [Unscaled] 0.000 1632.000 156.157 313.599 

In-degree centrality 0.000 0.071 0.007 0.014 
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In-degree centrality [Unscaled] 0.000 1632.000 156.157 313.599 

Out-degree centrality 0.000 0.071 0.007 0.014 

Out-degree centrality [Unscaled] 0.000 1632.000 156.157 313.599 

Eigenvector centrality 0.000 0.841 0.090 0.177 

Eigenvector centrality [Unscaled] 0.000 0.595 0.063 0.125 

Eigenvector centrality per component 0.000 0.431 0.046 0.091 

Closeness centrality 0.000 0.000 0.000 0.000 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.000 0.000 0.000 0.000 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.057 0.010 0.014 

Betweenness centrality [Unscaled] 0.000 70.190 12.524 16.650 

Betweenness centrality (links inverted) 0.000 0.484 0.012 0.068 

Betweenness centrality (links inverted) [Unscaled] 0.000 593.500 15.088 83.319 

Hub centrality 0.000 0.692 0.106 0.167 

Authority centrality 0.000 0.692 0.106 0.167 

Information centrality 0.000 0.049 0.020 0.015 

Information centrality [Unscaled] 0.000 85.981 34.701 26.704 

Clique membership count 0.000 47.000 11.510 13.675 

Simmelian ties 0.000 0.720 0.321 0.238 

Simmelian ties [Unscaled] 0.000 36.000 16.039 11.903 

Clustering coefficient 0.000 1.000 0.596 0.379 

 

Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 
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Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.320784)  

Rank Location Value Unscaled Context* 

1 OR 0.071 1632.000 -3.822 

2 WA 0.057 1309.000 -4.037 

3 CA 0.042 966.000 -4.265 

4 TX 0.025 577.000 -4.524 

5 AZ 0.018 404.000 -4.639 

6 ID 0.014 313.000 -4.700 

7 UT 0.012 276.000 -4.724 

8 CO 0.009 214.000 -4.765 

9 HI 0.008 193.000 -4.779 

10 NM 0.008 178.000 -4.789 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.007 Mean in random network:  0.321 

Std.dev:  0.014 Std.dev in random network:  0.065 
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In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 OR 0.071 1632.000 

2 WA 0.057 1309.000 

3 CA 0.042 966.000 

4 TX 0.025 577.000 

5 AZ 0.018 404.000 

6 ID 0.014 313.000 

7 UT 0.012 276.000 

8 CO 0.009 214.000 

9 HI 0.008 193.000 

10 NM 0.008 178.000 

 

Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 

connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 OR 0.071 1632.000 

2 WA 0.057 1309.000 

3 CA 0.042 966.000 

4 TX 0.025 577.000 

5 AZ 0.018 404.000 

6 ID 0.014 313.000 
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7 UT 0.012 276.000 

8 CO 0.009 214.000 

9 HI 0.008 193.000 

10 NM 0.008 178.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.320784)  

Rank Location Value Unscaled Context* 

1 OR 0.841 0.595 0.533 

2 WA 0.774 0.548 0.321 

3 CA 0.589 0.416 -0.269 

4 TX 0.347 0.245 -1.041 

5 AZ 0.251 0.177 -1.347 

6 ID 0.201 0.142 -1.506 

7 UT 0.167 0.118 -1.612 

8 HI 0.129 0.091 -1.735 

9 CO 0.119 0.084 -1.765 

10 NM 0.108 0.076 -1.802 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.090 Mean in random network:  0.674 

Std.dev:  0.177 Std.dev in random network:  0.314 

 

Eigenvector centrality per component 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value 

1 OR 0.431 

2 WA 0.397 

3 CA 0.302 

4 TX 0.178 

5 AZ 0.129 

6 ID 0.103 

7 UT 0.086 

8 HI 0.066 

9 CO 0.061 

10 NM 0.055 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.320784)  

Rank Location Value Unscaled Context* 

1 CT 1.522e-004 3.044e-006 -22.218 

2 NM 1.522e-004 3.044e-006 -22.218 

3 NY 1.522e-004 3.044e-006 -22.218 

4 FL 1.522e-004 3.044e-006 -22.218 

5 OK 1.522e-004 3.044e-006 -22.218 

6 AR 1.522e-004 3.044e-006 -22.218 

7 GA 1.522e-004 3.044e-006 -22.218 

8 IA 1.522e-004 3.044e-006 -22.218 

9 ID 1.522e-004 3.044e-006 -22.218 

10 IL 1.522e-004 3.044e-006 -22.218 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.000 Mean in random network:  0.596 

Std.dev:  0.000 Std.dev in random network:  0.027 
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In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 CT 1.522e-004 3.044e-006 

2 NM 1.522e-004 3.044e-006 

3 NY 1.522e-004 3.044e-006 

4 FL 1.522e-004 3.044e-006 

5 OK 1.522e-004 3.044e-006 

6 AR 1.522e-004 3.044e-006 

7 GA 1.522e-004 3.044e-006 

8 IA 1.522e-004 3.044e-006 

9 ID 1.522e-004 3.044e-006 

10 IL 1.522e-004 3.044e-006 

 

Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.320784)  

Rank Location Value Unscaled Context* 

1 LA 0.057 70.190 4.331 

2 NY 0.040 49.464 2.475 

3 AR 0.037 44.840 2.061 

4 KY 0.034 41.668 1.777 

5 CT 0.032 38.900 1.529 

6 OK 0.032 38.633 1.505 

7 NM 0.029 34.964 1.177 

8 CO 0.028 34.267 1.114 

9 FL 0.025 30.434 0.771 

10 NE 0.025 30.358 0.764 
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* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.010 Mean in random network:  0.018 

Std.dev:  0.014 Std.dev in random network:  0.009 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 OR 0.484 593.500 

2 WA 0.085 104.000 

3 CA 0.030 37.000 

4 TX 0.029 35.000 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other 

agentssending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by 

agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 WA 0.692 

2 CA 0.665 

3 OR 0.631 

4 TX 0.461 

5 AZ 0.349 

6 ID 0.288 

7 UT 0.242 

8 HI 0.185 
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9 CO 0.174 

10 NM 0.156 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 WA 0.692 

2 CA 0.665 

3 OR 0.631 

4 TX 0.461 

5 AZ 0.349 

6 ID 0.288 

7 UT 0.242 

8 HI 0.185 

9 CO 0.174 

10 NM 0.156 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 OR 0.049 85.981 

2 WA 0.048 84.525 

3 CA 0.047 82.899 

4 TX 0.044 78.325 

5 AZ 0.042 74.353 

6 ID 0.040 70.623 

7 UT 0.039 68.657 
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8 CO 0.037 64.666 

9 HI 0.035 62.224 

10 NM 0.034 60.945 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 OR 47.000 

2 CA 45.000 

3 WA 45.000 

4 AZ 39.000 

5 TX 38.000 

6 CO 35.000 

7 UT 32.000 

8 NM 27.000 

9 NY 24.000 

10 ID 23.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 OR 0.720 36.000 

2 AZ 0.680 34.000 

3 CA 0.680 34.000 

4 WA 0.660 33.000 

5 CO 0.640 32.000 

6 TX 0.640 32.000 

7 NM 0.600 30.000 
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8 UT 0.580 29.000 

9 ID 0.560 28.000 

10 NY 0.560 28.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 AK 1.000 

2 AR 1.000 

3 IN 1.000 

4 MN 1.000 

5 MO 1.000 

6 TN 1.000 

7 MT 0.964 

8 NC 0.917 

9 NE 0.912 

10 NJ 0.892 

 

Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 

Ran

k 

Betweennes

s centrality 

Betweennes

s centrality 

(inverted 

link values) 

Closenes

s 

centralit

y 

Eigenvecto

r centrality 

Eigenvecto

r centrality 

per 

component 

In-

degree 

centralit

y 

In-

Closenes

s 

centralit

y 

Out-

degree 

centralit

y 

Total 

degree 

centralit

y 

1 LA OR CT OR OR OR CT OR OR 

2 NY WA NM WA WA WA NM WA WA 

3 AR CA NY CA CA CA NY CA CA 

4 KY TX FL TX TX TX FL TX TX 

5 CT AK OK AZ AZ AZ OK AZ AZ 

6 OK AL AR ID ID ID AR ID ID 

7 NM AR GA UT UT UT GA UT UT 
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8 CO AZ IA HI HI CO IA CO CO 

9 FL CO ID CO CO HI ID HI HI 

10 NE CT IL NM NM NM IL NM NM 

Produced by ORA-NetScenes, a joint product of the CASOS center at Carnegie Mellon University and Netanomics 

 

 

 

 

 

SNA Report – Oregon City Level Data 

Input data: OR City (Folded No Self Loops) 

Start time: Sun Jan 25 20:14:32 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 285.000 

Column count 285.000 

Link count 3236.000 

Density 0.080 

Components of 1 node (isolates) 124 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 1.905 

Clustering coefficient 0.447 

Network diameter (considers only reachable pairs) 5.000 

Network fragmentation 0.682 

Krackhardt connectedness 0.318 

Krackhardt efficiency 0.758 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 
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Degree centralization 0.052 

Betweenness centralization 0.019 

Closeness centralization 0.000 

Eigenvector centralization 0.601 

Reciprocal (symmetric)? Yes 

 

Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.054 0.003 0.006 

Total degree centrality [Unscaled] 0.000 619.000 37.039 69.805 

In-degree centrality 0.000 0.054 0.003 0.006 

In-degree centrality [Unscaled] 0.000 619.000 37.039 69.805 

Out-degree centrality 0.000 0.054 0.003 0.006 

Out-degree centrality [Unscaled] 0.000 619.000 37.039 69.805 

Eigenvector centrality 0.000 0.634 0.037 0.075 

Eigenvector centrality [Unscaled] 0.000 0.448 0.026 0.053 

Eigenvector centrality per component 0.000 0.253 0.015 0.030 

Closeness centrality 0.000 0.000 0.000 0.000 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.000 0.000 0.000 0.000 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.020 0.001 0.002 

Betweenness centrality [Unscaled] 0.000 791.518 40.662 92.600 

Betweenness centrality (links inverted) 0.000 0.197 0.001 0.013 

Betweenness centrality (links inverted) [Unscaled] 0.000 7915.168 49.512 504.025 

Hub centrality 0.000 0.528 0.039 0.074 

Authority centrality 0.000 0.528 0.039 0.074 

Information centrality 0.000 0.012 0.004 0.004 

Information centrality [Unscaled] 0.000 34.396 10.463 10.916 

Clique membership count 0.000 587.000 37.098 96.821 

Simmelian ties 0.000 0.500 0.080 0.104 

Simmelian ties [Unscaled] 0.000 142.000 22.702 29.420 

Clustering coefficient 0.000 1.000 0.447 0.423 
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Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 

 

Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0799605)  

Rank Location Value Unscaled Context* 

1 Portland, OR 0.054 619.000 -1.585 

2 Eugene, OR 0.037 417.000 -2.692 

3 Seattle, WA 0.034 384.000 -2.873 

4 Salem, OR 0.030 346.000 -3.081 

5 Bend, OR 0.023 264.000 -3.530 

6 Medford, OR 0.022 255.000 -3.580 

7 Boise, ID 0.022 251.000 -3.602 

8 Phoenix, AZ 0.019 217.000 -3.788 

9 Olympia, WA 0.018 209.000 -3.832 

10 Tri-Cities Airport, WA 0.018 203.000 -3.865 



273 

 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.003 Mean in random network:  0.080 

Std.dev:  0.006 Std.dev in random network:  0.016 

 

In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Portland, OR 0.054 619.000 

2 Eugene, OR 0.037 417.000 

3 Seattle, WA 0.034 384.000 

4 Salem, OR 0.030 346.000 

5 Bend, OR 0.023 264.000 

6 Medford, OR 0.022 255.000 

7 Boise, ID 0.022 251.000 

8 Phoenix, AZ 0.019 217.000 

9 Olympia, WA 0.018 209.000 

10 Tri-Cities Airport, WA 0.018 203.000 

 

Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 

connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Portland, OR 0.054 619.000 
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2 Eugene, OR 0.037 417.000 

3 Seattle, WA 0.034 384.000 

4 Salem, OR 0.030 346.000 

5 Bend, OR 0.023 264.000 

6 Medford, OR 0.022 255.000 

7 Boise, ID 0.022 251.000 

8 Phoenix, AZ 0.019 217.000 

9 Olympia, WA 0.018 209.000 

10 Tri-Cities Airport, WA 0.018 203.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0799605)  

Rank Location Value Unscaled Context* 

1 Portland, OR 0.634 0.448 -0.072 

2 Eugene, OR 0.459 0.324 -1.595 

3 Seattle, WA 0.440 0.311 -1.755 

4 Salem, OR 0.420 0.297 -1.932 

5 Bend, OR 0.319 0.225 -2.818 

6 Medford, OR 0.267 0.189 -3.267 

7 Boise, ID 0.249 0.176 -3.423 

8 Olympia, WA 0.242 0.171 -3.489 

9 Everett, WA 0.224 0.159 -3.638 

10 Phoenix, AZ 0.216 0.153 -3.709 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.037 Mean in random network:  0.642 

Std.dev:  0.075 Std.dev in random network:  0.115 
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Eigenvector centrality per component 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Portland, OR 0.253 

2 Eugene, OR 0.183 

3 Seattle, WA 0.176 

4 Salem, OR 0.168 

5 Bend, OR 0.127 

6 Medford, OR 0.107 

7 Boise, ID 0.099 

8 Olympia, WA 0.096 

9 Everett, WA 0.090 

10 Phoenix, AZ 0.086 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0799605)  

Rank Location Value Unscaled Context* 

1 Eugene, OR 2.009e-004 7.073e-007 -30.111 

2 Birmingham, AL 2.009e-004 7.073e-007 -30.111 

3 Bend, OR 2.009e-004 7.073e-007 -30.111 

4 Oklahoma City, OK 2.009e-004 7.073e-007 -30.111 

5 Salem, OR 2.009e-004 7.073e-007 -30.111 

6 Prescott, AZ 2.009e-004 7.073e-007 -30.111 

7 Albuquerque, NM 2.009e-004 7.073e-007 -30.111 

8 Medford, OR 2.009e-004 7.073e-007 -30.111 

9 Flagstaff, AZ 2.009e-004 7.073e-007 -30.111 

10 Portland, OR 2.009e-004 7.073e-007 -30.111 

* Number of standard deviations from the mean of a random network of the same size and density 
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Mean:  0.000 Mean in random network:  0.468 

Std.dev:  0.000 Std.dev in random network:  0.016 

 

In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Eugene, OR 2.009e-004 7.073e-007 

2 Birmingham, AL 2.009e-004 7.073e-007 

3 Bend, OR 2.009e-004 7.073e-007 

4 Oklahoma City, OK 2.009e-004 7.073e-007 

5 Salem, OR 2.009e-004 7.073e-007 

6 Prescott, AZ 2.009e-004 7.073e-007 

7 Albuquerque, NM 2.009e-004 7.073e-007 

8 Medford, OR 2.009e-004 7.073e-007 

9 Flagstaff, AZ 2.009e-004 7.073e-007 

10 Portland, OR 2.009e-004 7.073e-007 

 

Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.0799605)  

Rank Location Value Unscaled Context* 

1 Eugene, OR 0.020 791.518 0.266 

2 Medford, OR 0.016 627.503 0.196 

3 Bend, OR 0.012 490.502 0.138 

4 Salem, OR 0.011 456.820 0.124 

5 Portland, OR 0.011 455.018 0.123 

6 Seattle, WA 0.008 317.991 0.064 

7 Sacramento, CA 0.008 314.326 0.063 
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8 Birmingham, AL 0.008 310.833 0.061 

9 Albuquerque, NM 0.007 266.638 0.042 

10 Olympia, WA 0.006 232.817 0.028 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.001 Mean in random network:  0.004 

Std.dev:  0.002 Std.dev in random network:  0.058 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 Portland, OR 0.197 7915.168 

2 Eugene, OR 0.076 3047.367 

3 Medford, OR 0.023 905.433 

4 Salem, OR 0.007 279.134 

5 Bend, OR 0.007 264.595 

6 Seattle, WA 0.007 262.452 

7 Spokane, WA 0.004 180.814 

8 Inland Empire, CA 0.004 161.333 

9 Billings, MT 0.004 159.000 

10 Boise, ID 0.003 123.596 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other agents 

sending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by agent 

matrices. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value 

1 Portland, OR 0.528 

2 Eugene, OR 0.443 

3 Seattle, WA 0.429 

4 Salem, OR 0.413 

5 Bend, OR 0.329 

6 Medford, OR 0.279 

7 Boise, ID 0.263 

8 Olympia, WA 0.256 

9 Everett, WA 0.239 

10 Phoenix, AZ 0.231 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Portland, OR 0.528 

2 Eugene, OR 0.443 

3 Seattle, WA 0.429 

4 Salem, OR 0.413 

5 Bend, OR 0.329 

6 Medford, OR 0.279 

7 Boise, ID 0.263 

8 Olympia, WA 0.256 

9 Everett, WA 0.239 

10 Phoenix, AZ 0.231 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value Unscaled 

1 Portland, OR 0.012 34.396 

2 Eugene, OR 0.011 33.544 

3 Seattle, WA 0.011 33.246 

4 Salem, OR 0.011 32.961 

5 Bend, OR 0.011 32.004 

6 Medford, OR 0.011 31.882 

7 Boise, ID 0.011 31.786 

8 Phoenix, AZ 0.010 31.163 

9 Olympia, WA 0.010 31.005 

10 Tri-Cities Airport, WA 0.010 30.863 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Portland, OR 587.000 

2 Eugene, OR 556.000 

3 Salem, OR 545.000 

4 Seattle, WA 525.000 

5 Phoenix, AZ 430.000 

6 Bend, OR 417.000 

7 Boise, ID 404.000 

8 Medford, OR 402.000 

9 Albuquerque, NM 385.000 

10 Salt Lake City, UT 359.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 



280 

 

Rank Location Value Unscaled 

1 Portland, OR 0.500 142.000 

2 Eugene, OR 0.496 141.000 

3 Salem, OR 0.419 119.000 

4 Seattle, WA 0.415 118.000 

5 Bend, OR 0.373 106.000 

6 Medford, OR 0.370 105.000 

7 Albuquerque, NM 0.359 102.000 

8 Boise, ID 0.356 101.000 

9 Phoenix, AZ 0.331 94.000 

10 Olympia, WA 0.327 93.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Albany, NY 1.000 

2 Albany, OR 1.000 

3 Anchorage, AK 1.000 

4 Ashland, OR 1.000 

5 Bakersfield, CA 1.000 

6 Boulder, CO 1.000 

7 Bowling Green, KY 1.000 

8 Brunswick, GA 1.000 

9 Butte, MT 1.000 

10 Camden (S. NJ) 1.000 

 

Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 
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SNA Report – Florida State Level Data  

Input data: FL State (Folded No Self Loops) 

Start time: Sun Jan 25 20:19:56 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 51.000 

Column count 51.000 

Link count 109.000 

Density 0.085 

Components of 1 node (isolates) 24 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 2.986 

Clustering coefficient 0.408 

Network diameter (considers only reachable pairs) 7.000 

Network fragmentation 0.725 

Krackhardt connectedness 0.275 

Krackhardt efficiency 0.745 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 

Degree centralization 0.158 

Betweenness centralization 0.054 

Closeness centralization 0.001 

Eigenvector centralization 0.868 

Reciprocal (symmetric)? Yes 

 

Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.162 0.010 0.024 

Total degree centrality [Unscaled] 0.000 276.000 17.255 40.815 

In-degree centrality 0.000 0.162 0.010 0.024 
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In-degree centrality [Unscaled] 0.000 276.000 17.255 40.815 

Out-degree centrality 0.000 0.162 0.010 0.024 

Out-degree centrality [Unscaled] 0.000 276.000 17.255 40.815 

Eigenvector centrality 0.000 0.934 0.100 0.171 

Eigenvector centrality [Unscaled] 0.000 0.661 0.071 0.121 

Eigenvector centrality per component 0.000 0.350 0.037 0.064 

Closeness centrality 0.001 0.001 0.001 0.000 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.001 0.001 0.001 0.000 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.061 0.008 0.016 

Betweenness centrality [Unscaled] 0.000 74.767 9.678 19.033 

Betweenness centrality (links inverted) 0.000 0.253 0.008 0.037 

Betweenness centrality (links inverted) [Unscaled] 0.000 310.000 9.392 44.851 

Hub centrality 0.000 0.581 0.114 0.162 

Authority centrality 0.000 0.581 0.114 0.162 

Information centrality 0.000 0.066 0.020 0.022 

Information centrality [Unscaled] 0.000 14.064 4.151 4.590 

Clique membership count 0.000 11.000 1.196 1.951 

Simmelian ties 0.000 0.480 0.084 0.111 

Simmelian ties [Unscaled] 0.000 24.000 4.196 5.570 

Clustering coefficient 0.000 1.000 0.408 0.440 

 

Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 
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Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.0854902)  

Rank Location Value Unscaled Context* 

1 FL 0.162 276.000 1.963 

2 NC 0.046 79.000 -0.997 

3 AL 0.034 58.000 -1.312 

4 NY 0.032 54.000 -1.372 

5 TX 0.031 53.000 -1.387 

6 GA 0.022 37.000 -1.628 

7 NJ 0.021 36.000 -1.643 

8 MD 0.019 33.000 -1.688 

9 VA 0.019 33.000 -1.688 

10 DC 0.016 27.000 -1.778 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.010 Mean in random network:  0.085 
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Std.dev:  0.024 Std.dev in random network:  0.039 

 

In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 FL 0.162 276.000 

2 NC 0.046 79.000 

3 AL 0.034 58.000 

4 NY 0.032 54.000 

5 TX 0.031 53.000 

6 GA 0.022 37.000 

7 NJ 0.021 36.000 

8 MD 0.019 33.000 

9 VA 0.019 33.000 

10 DC 0.016 27.000 

 

Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 

connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 FL 0.162 276.000 

2 NC 0.046 79.000 
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3 AL 0.034 58.000 

4 NY 0.032 54.000 

5 TX 0.031 53.000 

6 GA 0.022 37.000 

7 NJ 0.021 36.000 

8 MD 0.019 33.000 

9 VA 0.019 33.000 

10 DC 0.016 27.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.0854902)  

Rank Location Value Unscaled Context* 

1 FL 0.934 0.661 1.982 

2 NC 0.495 0.350 0.229 

3 TX 0.402 0.284 -0.140 

4 AL 0.401 0.284 -0.144 

5 NY 0.357 0.252 -0.320 

6 NJ 0.275 0.194 -0.649 

7 GA 0.272 0.192 -0.661 

8 VA 0.232 0.164 -0.820 

9 MD 0.220 0.156 -0.867 

10 OH 0.191 0.135 -0.983 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.100 Mean in random network:  0.437 

Std.dev:  0.171 Std.dev in random network:  0.251 
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Eigenvector centrality per component 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 FL 0.350 

2 NC 0.185 

3 TX 0.151 

4 AL 0.150 

5 NY 0.134 

6 NJ 0.103 

7 GA 0.102 

8 VA 0.087 

9 MD 0.082 

10 OH 0.071 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.0854902)  

Rank Location Value Unscaled Context* 

1 GA 0.001 2.400e-005 -5.645 

2 SC 0.001 2.400e-005 -5.645 

3 TX 0.001 2.400e-005 -5.645 

4 NY 0.001 2.400e-005 -5.645 

5 MD 0.001 2.399e-005 -5.645 

6 OH 0.001 2.399e-005 -5.645 

7 NJ 0.001 2.399e-005 -5.645 

8 VA 0.001 2.399e-005 -5.645 

9 OK 0.001 2.399e-005 -5.645 

10 NC 0.001 2.399e-005 -5.645 

* Number of standard deviations from the mean of a random network of the same size and density 
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Mean:  0.001 Mean in random network:  0.319 

Std.dev:  0.000 Std.dev in random network:  0.056 

 

In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 GA 0.001 2.400e-005 

2 SC 0.001 2.400e-005 

3 TX 0.001 2.400e-005 

4 NY 0.001 2.400e-005 

5 MD 0.001 2.399e-005 

6 OH 0.001 2.399e-005 

7 NJ 0.001 2.399e-005 

8 VA 0.001 2.399e-005 

9 OK 0.001 2.399e-005 

10 NC 0.001 2.399e-005 

 

Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 51, density: 0.0854902)  

Rank Location Value Unscaled Context* 

1 GA 0.061 74.767 0.237 

2 AL 0.049 60.545 0.114 

3 MD 0.047 57.539 0.088 

4 TX 0.044 53.363 0.051 

5 NC 0.043 52.422 0.043 

6 FL 0.040 49.505 0.018 

7 SC 0.026 31.580 -0.138 
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8 PA 0.021 25.728 -0.188 

9 NJ 0.018 22.151 -0.219 

10 TN 0.009 11.050 -0.316 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.008 Mean in random network:  0.039 

Std.dev:  0.016 Std.dev in random network:  0.094 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 FL 0.253 310.000 

2 NC 0.059 72.000 

3 NY 0.059 72.000 

4 AL 0.020 25.000 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other agents 

sending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by agent 

matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 NC 0.581 

2 TX 0.513 

3 AL 0.511 

4 NY 0.471 
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5 NJ 0.384 

6 GA 0.364 

7 FL 0.335 

8 VA 0.323 

9 MD 0.289 

10 OH 0.278 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 NC 0.581 

2 TX 0.513 

3 AL 0.511 

4 NY 0.471 

5 NJ 0.384 

6 GA 0.364 

7 FL 0.335 

8 VA 0.323 

9 MD 0.289 

10 OH 0.278 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 FL 0.066 14.064 

2 NC 0.058 12.217 

3 AL 0.055 11.686 
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4 TX 0.054 11.536 

5 NY 0.054 11.420 

6 GA 0.050 10.608 

7 NJ 0.049 10.478 

8 MD 0.048 10.244 

9 VA 0.048 10.213 

10 DC 0.045 9.574 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 FL 11.000 

2 TX 5.000 

3 AL 4.000 

4 GA 4.000 

5 MD 4.000 

6 NC 4.000 

7 DC 3.000 

8 NJ 3.000 

9 NY 3.000 

10 VA 3.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 FL 0.480 24.000 

2 TX 0.300 15.000 

3 MD 0.280 14.000 
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4 NC 0.280 14.000 

5 GA 0.260 13.000 

6 NY 0.260 13.000 

7 AL 0.220 11.000 

8 NJ 0.220 11.000 

9 VA 0.220 11.000 

10 DC 0.200 10.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 CA 1.000 

2 HI 1.000 

3 IL 1.000 

4 LA 1.000 

5 MA 1.000 

6 NM 1.000 

7 NV 1.000 

8 OH 1.000 

9 OK 1.000 

10 PA 1.000 

 

Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 

Ran

k 

Betweennes

s centrality 

Betweennes

s centrality 

(inverted 

link values) 

Closenes

s 

centralit

y 

Eigenvecto

r centrality 

Eigenvecto

r centrality 

per 

component 

In-

degree 

centralit

y 

In-

Closenes

s 

centralit

y 

Out-

degree 

centralit

y 

Total 

degree 

centralit
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1 GA FL GA FL FL FL GA FL FL 

2 AL NC SC NC NC NC SC NC NC 

3 MD NY TX TX TX AL TX AL AL 
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4 TX AL NY AL AL NY NY NY NY 

5 NC AK MD NY NY TX MD TX TX 

6 FL AR OH NJ NJ GA OH GA GA 

7 SC AZ NJ GA GA NJ NJ NJ NJ 

8 PA CA VA VA VA MD VA MD MD 

9 NJ CO OK MD MD VA OK VA VA 

10 TN CT NC OH OH DC NC DC DC 

Produced by ORA-NetScenes, a joint product of the CASOS center at Carnegie Mellon University and Netanomics 

 

 

 

 

SNA Report – Florida City Level Data 

Input data: FL City (Folded No Self Loops) 

Start time: Sun Jan 25 20:20:43 2015  

Network Location x Location - Shared Agent 

Network Level Measures 

Measure Value 

Row count 285.000 

Column count 285.000 

Link count 675.000 

Density 0.017 

Components of 1 node (isolates) 168 

Components of 2 nodes (dyadic isolates) 0 

Components of 3 or more nodes 1 

Reciprocity 1.000 

Characteristic path length 2.417 

Clustering coefficient 0.342 

Network diameter (considers only reachable pairs) 5.000 

Network fragmentation 0.832 

Krackhardt connectedness 0.168 
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Krackhardt efficiency 0.916 

Krackhardt hierarchy 0.000 

Krackhardt upperboundedness 1.000 

Degree centralization 0.017 

Betweenness centralization 0.043 

Closeness centralization 0.000 

Eigenvector centralization 0.817 

Reciprocal (symmetric)? Yes 

 

Node Level Measures 

Measure Min Max Avg Stddev 

Total degree centrality 0.000 0.018 0.000 0.002 

Total degree centrality [Unscaled] 0.000 269.000 7.537 25.265 

In-degree centrality 0.000 0.018 0.000 0.002 

In-degree centrality [Unscaled] 0.000 269.000 7.537 25.265 

Out-degree centrality 0.000 0.018 0.000 0.002 

Out-degree centrality [Unscaled] 0.000 269.000 7.537 25.265 

Eigenvector centrality 0.000 0.834 0.023 0.081 

Eigenvector centrality [Unscaled] 0.000 0.590 0.016 0.057 

Eigenvector centrality per component 0.000 0.242 0.007 0.023 

Closeness centrality 0.000 0.000 0.000 0.000 

Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

In-Closeness centrality 0.000 0.000 0.000 0.000 

In-Closeness centrality [Unscaled] 0.000 0.000 0.000 0.000 

Betweenness centrality 0.000 0.044 0.001 0.004 

Betweenness centrality [Unscaled] 0.000 1767.667 31.669 155.693 

Betweenness centrality (links inverted) 0.000 0.096 0.001 0.008 

Betweenness centrality (links inverted) [Unscaled] 0.000 3847.100 29.699 304.344 

Hub centrality 0.000 0.672 0.029 0.079 

Authority centrality 0.000 0.672 0.029 0.079 

Information centrality 0.000 0.021 0.004 0.005 

Information centrality [Unscaled] 0.000 14.408 2.434 3.438 

Clique membership count 0.000 69.000 1.754 6.599 

Simmelian ties 0.000 0.324 0.017 0.035 

Simmelian ties [Unscaled] 0.000 92.000 4.730 10.053 
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Clustering coefficient 0.000 1.000 0.342 0.438 

 

Key Nodes 

This chart shows the Location that is repeatedly top-ranked in the measures listed below. The value shown is the 

percentage of measures for which the Location was ranked in the top three. 

 

Total degree centrality 

The Total Degree Centrality of a node is the normalized sum of its row and column degrees. Individuals or 

organizations who are "in the know" are those who are linked to many others and so, by virtue of their position have 

access to the ideas, thoughts, beliefs of many others. Individuals who are "in the know" are identified by degree 

centrality in the relevant social network. Those who are ranked high on this metrics have more connections to others 

in the same network. The scientific name of this measure is total degree centrality and it is calculated on the agent 

by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.016679)  

Rank Location Value Unscaled Context* 

1 Miami, FL 0.018 269.000 0.114 

2 Ft Lauderdale, FL 0.017 265.000 0.079 

3 West Palm Beach, FL 0.008 130.000 -1.081 

4 Orlando, FL 0.005 81.000 -1.502 

5 Hollywood, FL 0.005 73.000 -1.571 

6 Tampa, FL 0.004 60.000 -1.683 

7 South Beach, FL 0.004 54.000 -1.735 
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8 Charlotte, NC 0.003 43.000 -1.829 

9 Daytona, FL 0.002 35.000 -1.898 

10 Baltimore, MD 0.002 33.000 -1.915 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.000 Mean in random network:  0.017 

Std.dev:  0.002 Std.dev in random network:  0.008 

 

In-degree centrality 

The In Degree Centrality of a node is its normalized in-degree. For any node, e.g. an individual or a resource, the in-

links are the connections that the node of interest receives from other nodes. For example, imagine an agent by 

knowledge matrix then the number of in-links a piece of knowledge has is the number of agents that are connected 

to. The scientific name of this measure is in-degree and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Miami, FL 0.018 269.000 

2 Ft Lauderdale, FL 0.017 265.000 

3 West Palm Beach, FL 0.008 130.000 

4 Orlando, FL 0.005 81.000 

5 Hollywood, FL 0.005 73.000 

6 Tampa, FL 0.004 60.000 

7 South Beach, FL 0.004 54.000 

8 Charlotte, NC 0.003 43.000 

9 Daytona, FL 0.002 35.000 

10 Baltimore, MD 0.002 33.000 

Out-degree centrality 

For any node, e.g. an individual or a resource, the out-links are the connections that the node of interest sends to 

other nodes. For example, imagine an agent by knowledge matrix then the number of out-links an agent would have 

is the number of pieces of knowledge it is connected to. The scientific name of this measure is out-degree and it is 

calculated on the agent by agent matrices. Individuals or organizations who are high in most knowledge have more 

expertise or are associated with more types of knowledge than are others. If no sub-network connecting agents to 

knowledge exists, then this measure will not be calculated. The scientific name of this measure is out degree 

centrality and it is calculated on agent by knowledge matrices. Individuals or organizations who are high in "most 

resources" have more resources or are associated with more types of resources than are others. If no sub-network 

connecting agents to resources exists, then this measure will not be calculated. The scientific name of this measure is 

out degree centrality and it is calculated on agent by resource matrices. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value Unscaled 

1 Miami, FL 0.018 269.000 

2 Ft Lauderdale, FL 0.017 265.000 

3 West Palm Beach, FL 0.008 130.000 

4 Orlando, FL 0.005 81.000 

5 Hollywood, FL 0.005 73.000 

6 Tampa, FL 0.004 60.000 

7 South Beach, FL 0.004 54.000 

8 Charlotte, NC 0.003 43.000 

9 Daytona, FL 0.002 35.000 

10 Baltimore, MD 0.002 33.000 

 

Eigenvector centrality 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Leaders of strong cliques are individuals who or organizations who are collected to others that are themselves highly 

connected to each other. In other words, if you have a clique then the individual most connected to others in the 

clique and other cliques, is the leader of the clique. Individuals or organizations who are connected to many 

otherwise isolated individuals or organizations will have a much lower score in this measure then those that are 

connected to groups that have many connections themselves. The scientific name of this measure is eigenvector 

centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.016679)  

Rank Location Value Unscaled Context* 

1 Ft Lauderdale, FL 0.834 0.590 -1.838 

2 Miami, FL 0.775 0.548 -2.196 

3 West Palm Beach, FL 0.545 0.385 -3.576 

4 Hollywood, FL 0.326 0.230 -4.896 

5 Orlando, FL 0.270 0.191 -5.231 

6 Tampa, FL 0.149 0.105 -5.956 

7 Boca Raton, FL 0.136 0.096 -6.037 

8 Okeechobee, FL 0.134 0.095 -6.049 

9 South Beach, FL 0.121 0.085 -6.127 

10 Hallandale, FL 0.118 0.083 -6.147 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.023 Mean in random network:  1.140 

Std.dev:  0.081 Std.dev in random network:  0.166 
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Eigenvector centrality per component 

Calculates the principal eigenvector of the network. A node is central to the extent that its neighbors are central. 

Each component is extracted as a separate network, Eigenvector Centrality is computed on it and scaled according to 

the component size. The scores are then combined into a single result vector. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Ft Lauderdale, FL 0.242 

2 Miami, FL 0.225 

3 West Palm Beach, FL 0.158 

4 Hollywood, FL 0.094 

5 Orlando, FL 0.078 

6 Tampa, FL 0.043 

7 Boca Raton, FL 0.039 

8 Okeechobee, FL 0.039 

9 South Beach, FL 0.035 

10 Hallandale, FL 0.034 

 

Closeness centrality 

The average closeness of a node to the other nodes in a network (also called out-closeness). Loosely, Closeness is 

the inverse of the average distance in the network from the node to all other nodes. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.016679)  

Rank Location Value Unscaled Context* 

1 Ft Lauderdale, FL 1.098e-004 3.867e-007 13.823 

2 Miami, FL 1.098e-004 3.867e-007 13.823 

3 South Beach, FL 1.098e-004 3.867e-007 13.823 

4 Cleveland, OH 1.098e-004 3.867e-007 13.823 

5 Gainesville, FL 1.098e-004 3.867e-007 13.823 

6 Greenville, SC 1.098e-004 3.867e-007 13.823 

7 Norfolk, VA 1.098e-004 3.867e-007 13.823 

8 Newark (N. NJ) 1.098e-004 3.867e-007 13.823 

9 New York, NY 1.098e-004 3.867e-007 13.823 

10 Dothan, AL 1.098e-004 3.867e-007 13.823 

* Number of standard deviations from the mean of a random network of the same size and density 
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Mean:  0.000 Mean in random network:  0.172 

Std.dev:  0.000 Std.dev in random network:  -0.012 

 

In-Closeness centrality 

The average closeness of a node from the other nodes in a network. Loosely, Closeness is the inverse of the average 

distance in the network to the node and from all other nodes. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value Unscaled 

1 Ft Lauderdale, FL 1.098e-004 3.867e-007 

2 Miami, FL 1.098e-004 3.867e-007 

3 South Beach, FL 1.098e-004 3.867e-007 

4 Cleveland, OH 1.098e-004 3.867e-007 

5 Gainesville, FL 1.098e-004 3.867e-007 

6 Greenville, SC 1.098e-004 3.867e-007 

7 Norfolk, VA 1.098e-004 3.867e-007 

8 Newark (N. NJ) 1.098e-004 3.867e-007 

9 New York, NY 1.098e-004 3.867e-007 

10 Dothan, AL 1.098e-004 3.867e-007 

 

Betweenness centrality 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network: Location x Location - Shared Agent (size: 285, density: 0.016679)  

Rank Location Value Unscaled Context* 

1 Ft Lauderdale, FL 0.044 1767.667 1.933 

2 Miami, FL 0.041 1647.487 1.762 

3 South Beach, FL 0.014 548.459 0.203 

4 West Palm Beach, FL 0.013 540.603 0.192 

5 Tampa, FL 0.012 475.362 0.099 

6 Okeechobee, FL 0.010 383.535 -0.031 

7 Orlando, FL 0.007 269.455 -0.193 
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8 Hollywood, FL 0.006 228.225 -0.251 

9 Daytona, FL 0.005 218.488 -0.265 

10 Baltimore, MD 0.004 170.479 -0.333 

* Number of standard deviations from the mean of a random network of the same size and density 

Mean:  0.001 Mean in random network:  0.010 

Std.dev:  0.004 Std.dev in random network:  0.018 

 

Betweenness centrality (links inverted) 

The Betweenness Centrality of node v in a network is defined as: across all node pairs that have a shortest path 

containing v, the percentage that pass through v. Individuals or organizations that are potentially influential are 

positioned to broker connections between groups and to bring to bear the influence of one group on another or serve 

as a gatekeeper between groups. This agent occurs on many of the shortest paths between other agents. The 

scientific name of this measure is betweenness centrality and it is calculated on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Parameter(s): inverted = 1 

Rank Location Value Unscaled 

1 Miami, FL 0.096 3847.100 

2 Ft Lauderdale, FL 0.081 3237.766 

3 West Palm Beach, FL 0.029 1166.500 

4 South Beach, FL 0.001 45.167 

5 Orlando, FL 9.083e-004 36.500 

6 Tampa, FL 8.361e-004 33.600 

7 Charlotte, NC 3.592e-004 14.433 

8 Wasington, DC 3.484e-004 14.000 

9 Atlanta, GA 3.384e-004 13.600 

10 Baltimore, MD 2.654e-004 10.667 

 

Hub centrality 

A node is hub-central to the extent that its out-links are to nodes that have many in-links. Individuals or 

organizations that act as hubs are sending information to a wide range of others each of whom has many others 

reporting to them. Technically, an agent is hub-central if its out-links are to agents that have many other agents 

sending links to them. The scientific name of this measure is hub centrality and it is calculated on agent by agent 

matrices. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value 

1 Miami, FL 0.672 

2 West Palm Beach, FL 0.622 

3 Ft Lauderdale, FL 0.617 

4 Hollywood, FL 0.434 

5 Orlando, FL 0.365 

6 Tampa, FL 0.206 

7 Okeechobee, FL 0.189 

8 Boca Raton, FL 0.188 

9 Hallandale, FL 0.167 

10 South Beach, FL 0.166 

 

Authority centrality 

A node is authority-central to the extent that its in-links are from nodes that have many out-links. Individuals or 

organizations that act as authorities are receiving information from a wide range of others each of whom sends 

information to a large number of others. Technically, an agent is authority-central if its in-links are from agents that 

have are sending links to many others. The scientific name of this measure is authority centrality and it is calculated 

on agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Miami, FL 0.672 

2 West Palm Beach, FL 0.622 

3 Ft Lauderdale, FL 0.617 

4 Hollywood, FL 0.434 

5 Orlando, FL 0.365 

6 Tampa, FL 0.206 

7 Okeechobee, FL 0.189 

8 Boca Raton, FL 0.188 

9 Hallandale, FL 0.167 

10 South Beach, FL 0.166 

 

Information centrality 

Calculate the Stephenson and Zelen information centrality measure for each node. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value Unscaled 

1 Miami, FL 0.021 14.408 

2 Ft Lauderdale, FL 0.021 14.344 

3 West Palm Beach, FL 0.019 13.437 

4 Orlando, FL 0.018 12.670 

5 Hollywood, FL 0.018 12.384 

6 Tampa, FL 0.017 12.021 

7 South Beach, FL 0.017 11.602 

8 Charlotte, NC 0.016 11.032 

9 Daytona, FL 0.015 10.369 

10 Baltimore, MD 0.015 10.188 

 

Clique membership count 

The number of distinct cliques to which each node belongs. Individuals or organizations who are high in number of 

cliques are those that belong to a large number of distinct cliques. A clique is defined as a group of three or more 

actors that have many connections to each other and relatively fewer connections to those in other groups. The 

scientific name of this measure is clique count and it is calculated on the agent by agent matrices. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Miami, FL 69.000 

2 Ft Lauderdale, FL 67.000 

3 Orlando, FL 32.000 

4 West Palm Beach, FL 29.000 

5 Tampa, FL 23.000 

6 Hollywood, FL 17.000 

7 South Beach, FL 16.000 

8 Okeechobee, FL 11.000 

9 Jacksonville, FL 10.000 

10 Atlanta, GA 9.000 

 

Simmelian ties 

The normalized number of Simmelian ties of each node. 

Input network(s): Location x Location - Shared Agent 
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Rank Location Value Unscaled 

1 Miami, FL 0.324 92.000 

2 Ft Lauderdale, FL 0.299 85.000 

3 West Palm Beach, FL 0.144 41.000 

4 Tampa, FL 0.137 39.000 

5 Orlando, FL 0.130 37.000 

6 South Beach, FL 0.127 36.000 

7 Hollywood, FL 0.109 31.000 

8 Charlotte, NC 0.106 30.000 

9 Baltimore, MD 0.099 28.000 

10 Daytona, FL 0.088 25.000 

 

Clustering coefficient 

Measures the degree of clustering in a network by averaging the clustering coefficient of each node, which is 

defined as the density of the node's ego network. 

Input network(s): Location x Location - Shared Agent 

Rank Location Value 

1 Albany, NY 1.000 

2 Albuquerque, NM 1.000 

3 Appleton, WI 1.000 

4 Aventura, FL 1.000 

5 Biloxi, MS 1.000 

6 Biscayne, FL 1.000 

7 Boston, MA 1.000 

8 Brooksville, FL 1.000 

9 Buffalo, NY 1.000 

10 Chicago, IL 1.000 

 

Key Nodes Table 

This shows the top scoring nodes side-by-side for selected measures. 
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Produced by ORA-NetScenes, a joint product of the CASOS center at Carnegie Mellon University and Netanomics 
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Appendix E – Location Networks State Level 

The geospatial visualizations for the state level location networks are provided below for the 

overall sample and by source location.  The geospatial representation allows the data to be 

visualized across the physical plane.  This technique allows the data to be represented in a more 

meaningful way by incorporating a spatial dimension.  Filters have been implemented to reduce 

noise and observe the most prominent circuits.  Filtering the data allowed the locations with the 

highest volume of providers being advertised between them to be displayed.  As the thresholds 

were relaxed greater portions of the network were exposed allowing movement trends to be 

observed.  

 

Overall Sample 

 
Geospatial visualization of the unfiltered state level location network for the overall sample. 
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Visualization of the top 10% of the network for the overall sample with data filtered to remove edge weights <131. 

 

 

 
Visualization of the top 15% of the network for the overall sample with data filtered to remove edge weights <75. 
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Visualization of the top 20% of the network for the overall sample with data filtered to remove edge weights <37. 

 

 

 

 

 
Visualization of the top 25% of the network for the overall sample with data filtered to remove edge weights <25. 
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Hawai‘i Data 

 
Geospatial visualization of the unfiltered state level location network for the Hawai‘i Data. 

 

 

 
Visualization of the top 5% of the network for the Hawai‘i Data with data filtered to remove edge weights <19. 
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Visualization of the top 10% of the network for the Hawai‘i Data with data filtered to remove edge weights <15. 

 

 

 

 

 

 
Visualization of the top 15% of the network for the Hawai‘i Data with data filtered to remove edge weights <11. 
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Visualization of the top 20% of the network for the Hawai‘i Data with data filtered to remove edge weights <8. 

 

 

Oregon Data  

 
Geospatial visualization of the unfiltered state level location network for the Oregon Data. 
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Visualization of the top 10% of the network for the Oregon Data with data filtered to remove edge weights <297. 

 

 

 

 

 

 
Visualization of the top 15% of the network for the Oregon Data with data filtered to remove edge weights <105. 
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Visualization of the top 20% of the network for the Oregon Data with data filtered to remove edge weights <66. 

 

 

 

 

 
Visualization of the top 25% of the network for the Oregon Data with data filtered to remove edge weights <36. 
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Florida 

 
Geospatial visualization of the unfiltered state level location network for the Florida Data. 

 

 

 

 

 
Visualization of the top 10% of the network for the Florida Data with data filtered to remove edge weights <28. 
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Visualization of the top 15% of the network for the Florida Data with data filtered to remove edge weights <20. 

 

 

 

 
Visualization of the top 20% of the network for the Florida Data with data filtered to remove edge weights <16. 
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Visualization of the top 25% of the network for the Florida Data with data filtered to remove edge weights <10. 
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Appendix F – Location Networks City Level 
 

The geospatial visualizations for the city level location networks are provided below for the 

overall sample and by source location.  The geospatial representation allows the data to be 

visualized across the physical plane.  This technique allows the data to be represented in a more 

meaningful way by incorporating a spatial dimension.  Filters have been implemented to reduce 

noise and observe the most prominent circuits.  Filtering the data allowed the locations with the 

highest volume of providers being advertised between them to be displayed.  As the thresholds 

were relaxed greater portions of the network were exposed allowing movement trends to be 

observed.  

 

Overall Sample 

 

Geospatial visualization of the city level location network for the overall sample filtered at an edge weight of 20 or 

greater. 
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Geospatial visualization of the city level location network for the overall sample filtered at an edge weight of 10 or 

greater. 

 

 

 

Geospatial visualization of the city level location network for the overall sample filtered at an edge weight of 7 or greater. 
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Geospatial visualization of the city level location network for the overall sample filtered at an edge weight of 5 or greater. 

 

 

 

Hawai‘i 

 

Geospatial visualization of the city level location network for the Hawai‘i data filtered at an edge weight of 17 or greater. 
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Geospatial visualization of the city level location network for the Hawai‘i data filtered at an edge weight of 7 or greater. 

 

 

 

Geospatial visualization of the city level location network for the Hawai‘i data filtered at an edge weight of 5 or greater. 
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Geospatial visualization of the city level location network for the Hawai‘i data filtered at an edge weight of 3 or greater. 

 

 

 

Oregon 

 

Geospatial visualization of the city level location network for the Oregon data filtered at an edge weight of 20 or greater. 
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Geospatial visualization of the city level location network for the Oregon data filtered at an edge weight of 15 or greater. 

 

 

 

Geospatial visualization of the city level location network for the Oregon data filtered at an edge weight of 10 or greater. 
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Geospatial visualization of the city level location network for the Oregon data filtered at an edge weight of 7 or greater. 

 

 

 

Florida 
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Geospatial visualization of the city level location network for the Florida data filtered at an edge weight of 20 or greater. 

 

 

 

 

Geospatial visualization of the city level location network for the Florida data filtered at an edge weight of 10 or greater. 
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Geospatial visualization of the city level location network for the Florida data filtered at an edge weight of 5 or greater. 

 

 

 

 

Geospatial visualization of the city level location network for the Florida data filtered at an edge weight of 3 or greater. 

 

 



325 

 

Appendix G – Microcircuits for Prominent Circuit (Hub States) 

When the overall network was filtered, so the top 10% of the network would remain, the 

prominent circuit consisted of California, Hawai‘i, Oregon, Texas, and Washington.  These 

locations are hub states based on the data in the sample.  Below are the mircocircuit graphs for 

each state.  Microcircuit graphs provide insight on intra-state movement (what cities within the 

state the providers are being advertised in).  This information is useful for local level anti-

trafficking interventions. 

 

California Micro-circuit 

 

Based on the sample, the California micro-circuit included 28 cities to include: Bakersfield, CA; 

Chico, CA; Humboldt Cty, CA; Inland Empire, CA; Long Beach, CA; Los Angeles, CA; 

Merced, CA; Modesto, CA; Monterey, CA; Oakland, CA; Orange County, CA; Palm Springs, 

CA; Redding, CA; Riverside, CA; Sacramento, CA; San Bernadino, CA; San Diego, CA; San 

Fernando, CA; San Francisco, CA; San Jose, CA; San Luis Obispo, CA; San Mateo, CA; Santa 

Barbara, CA; Santa Cruz, CA; Santa Maria, CA; Sherman Oaks, CA; Ventura, CA; and Visalia, 

CA.  

 

 

 

Geospatial visualization of the California microcircuit. 

 



326 

 

Edge weights, which represent the number of providers advertised at both locations, ranged from 

one to six. Data filters were implemented to observe the most prominent micro-circuit.  

 
Table 1. California Micro-Circuit Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 28 164 1 6 1.85 1.24 .433 

<6 5 4 6 6 6 0 .400 

<5 9 10 5 6 5.4 .490 .278 

<4 11 18 4 6 4.78 .790 .323 

 

 

The most prominent micro-circuit observed, data filtered at an edge weight of six or greater, 

included five cities: Los Angeles, CA; Orange County, CA; Sacramento, CA; San Francisco, 

CA; and San Jose, CA. These cities represent the hub cities within California or the intra-state 

movement trend.  

 

 

 

Geospatial visualization of the California microcircuit with data filtered at an edge weight of 6 or greater. 

 

When data was filtered at an edge weight of five or greater the micro-circuit expanded to include 

nine cities.  The four cities that were observed at this reduced threshold included: Inland Empire, 

CA; Monterey, CA; Oakland, CA; and Riverside, CA. 
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Geospatial visualization of the California microcircuit with data filtered at an edge weight of 5 or greater. 

 

When data was filtered at an edge weight of four or greater the micro-circuit expanded to include 

eleven cities.  The two cities that were observed at this reduced threshold included: Redding, CA 

and San Diego, CA. 

 

 

Geospatial visualization of the California microcircuit with data filtered at an edge weight of 4 or greater. 
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Hawai‘i Micro-circuit 

 

Based on the sample, the Hawai‘i micro-circuit included four advertised locations to include: 

Honolulu, HI; Kaua‘i, HI, Kona, HI; and Maui, HI. 

 

 

Geospatial visualization of the Hawai‘i microcircuit. 

 

Edge weights, which represent the number of providers advertised at both locations, ranged from 

one to six. Data filters were implemented to observe the most prominent micro-circuit.  

 

 
Table 2. Hawai‘i Micro-Circuit Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 4 6 3 28 13.17 9.65 1.00 

<18 3 3 18 28 22.33 4.19 1.00 

<5 4 4 5 28 18.00 8.34 .667 

<3 4 6 3 28 13.17 9.65 1.00 

 

 

The most prominent micro-circuit observed, data filtered at an edge weight of 18 or greater, 

included three locations: Honolulu, HI; Kona, HI; and Maui, HI. These locations represent the 

hub locations within Hawai‘i or the intra-state movement trend.  
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Geospatial visualization of the Hawai‘i microcircuit with data filtered at an edge weight of 18 or greater. 

 

 

When data was filtered at an edge weight of five or greater the micro-circuit expanded to include 

four locations.  The location that was observed at this reduced threshold included: Kaua‘i, HI. 

 
 

 

Geospatial visualization of the Hawai‘i microcircuit with data filtered at an edge weight of 5 or greater. 

 

When data was filtered at an edge weight of three or greater the micro-circuit expanded to 

include edges between all locations as providers are flown between the islands. 
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Geospatial visualization of the Hawai‘i microcircuit with data filtered at an edge weight of 3 or greater. 

 

 

Oregon Micro-circuit 

 

Based on the sample, the Oregon micro-circuit included 25 cities to include: Albany, OR; 

Ashland, OR; Beaverton, OR; Bend, OR; Clackamas, OR; Corvallis, OR; Hermiston (E. OR); 

Eugene, OR; Madras (Gateway, OR); Grants Pass, OR; Gresham, OR; Hillsboro, OR; 

Jacksonville, OR; Keizer, OR; Klamath Falls, OR; Medford, OR; Oregon City, OR; Newport 

(OR Coast); Portland, OR; Roseburg, OR; Salem, OR; Sandy, OR; Springfield, OR; Tigard, OR; 

and Woodburn, OR.  
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Geospatial visualization of the Oregon microcircuit. 

 

 

Edge weights, which represent the number of providers advertised at both locations, ranged from 

one to six. Data filters were implemented to observe the most prominent micro-circuit.  

 

 
Table 3. Oregon Micro-Circuit Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 25 117 1 37 3.85 6.02 .390 

<24 4 4 24 37 30.26 6.26 .667 

<14 6 9 14 37 21.56 8.83 .600 

<8 8 13 13 37 17.85 9.26 .464 

 

 

The most prominent micro-circuit observed, data filtered at an edge weight of 24 or greater, 

included four cities: Bend, OR; Eugene, OR; Portland, OR; and Salem, OR. These cities 

represent the hub cities within Oregon or the intra-state movement trend.  

 

 



332 

 

 

Geospatial visualization of the Oregon microcircuit with data filtered at an edge weight of 24 or greater. 

 

When data was filtered at an edge weight of 14 or greater the micro-circuit expanded to include 

six cities.  The two cities that were observed at this reduced threshold included: Beaverton, OR 

and Medford, OR. 

 

 

 

Geospatial visualization of the Oregon microcircuit with data filtered at an edge weight of 14 or greater. 

 

When data was filtered at an edge weight of eight or greater the micro-circuit expanded to 

include eight cities and edges between the observed cities.  The two cities that were observed at 

this reduced threshold included: Gresham, OR and Newport, OR. 
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Geospatial visualization of the Oregon microcircuit with data filtered at an edge weight of 8 or greater. 

 

 

 

Texas Micro-circuit 

 

Based on the sample, the Texas micro-circuit included 16 cities to include: Amarillo, TX; 

Austin, TX; Beaumont, TX; Corpus Christi, TX; Dallas, TX; El Paso, TX; Fort Worth, TX; 

Houston, TX; Killeen, TX; Lubbock, TX; Mcallen, TX; Odessa, TX; San Antonio, TX; San; 

Marcos, TX; Waco, TX; Wichita Falls, TX.  
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Geospatial visualization of the Texas microcircuit. 

 

Edge weights, which represent the number of providers advertised at both locations, ranged from 

one to six. Data filters were implemented to observe the most prominent micro-circuit.  

 

 
Table 4. Texas Micro-Circuit Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 16 42 1 4 1.52 .910 .350 

<4 3 3 4 4 4 0 1.00 

<3 4 6 3 4 3.5 .5 1.00 

<2 8 13 2 4 2.69 .821 .464 

 

 

The most prominent micro-circuit observed, data filtered at an edge weight of four or greater, 

included three cities: Austin, TX; Dallas, TX; and San Antonio, TX. These cities represent the 

hub cities within Texas or the intra-state movement trend.  
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Geospatial visualization of the Texas microcircuit with data filtered at an edge weight of 4 or greater. 

 

When data was filtered at an edge weight of three or greater the micro-circuit expanded to 

include four cities.  The city that was observed at this reduced threshold included: El Paso, TX. 

 

 

 

Geospatial visualization of the Texas microcircuit with data filtered at an edge weight of 3 or greater. 
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When data was filtered at an edge weight of two or greater the micro-circuit expanded to include 

eight cities and edges between the observed cities appeared.  The four cities that were observed 

at this reduced threshold included: Amarillo, TX; Houston, TX; Lubbock, TX; and Odessa, TX. 

 

 

 

 
Geospatial visualization of the Texas microcircuit with data filtered at an edge weight of 2 or greater. 

 

 

Washington Micro-circuit 

 

Based on the sample, the Washington micro-circuit included 12 cities to include: Bellingham, 

WA; Everett, WA; Moses Lake, WA; Olympia, WA; Pullman, WA; Seattle, WA; Spokane, WA; 

Tacoma, WA; Tri-Cities Airport, WA; Vancouver, WA; Wenatchee, WA; Yakima, WA.  
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Geospatial visualization of the Washington microcircuit. 

 

Edge weights, which represent the number of providers advertised at both locations, ranged from 

one to six. Data filters were implemented to observe the most prominent micro-circuit.  

 

 
Table 5. Washington Micro-Circuit Context with thresholds in place. 

Filter 

Edges  

n m Edge 

Value Min. 

Edge 

Value Max 

Edge 

Value Avg. 

Std. 

Dev. 

Density  

None 12 51 1 12 3.29 2.38 .772 

<12 3 2 12 12 12 0 .667 

<7 5 5 7 12 9 2.45 .500 

<5 9 10 5 12 7.2 2.52 .278 

 

 

The most prominent micro-circuit observed, data filtered at an edge weight of 12 or greater, 

included three cities: Everett, WA; Seattle, WA; and Tacoma, WA. These cities represent the 

hub cities within Washington or the intra-state movement trend.  
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Geospatial visualization of the Washington microcircuit with data filtered at an edge weight of 12 or greater. 

 

When data was filtered at an edge weight of seven or greater the micro-circuit expanded to 

include five cities.  The two cities that were observed at this reduced threshold included: 

Olympia, WA and Tri-Cities, WA. 

 

 

 

 

Geospatial visualization of the Washington microcircuit with data filtered at an edge weight of 7 or greater. 

 

When data was filtered at an edge weight of five or greater the micro-circuit expanded to include 

nine cities and edges between the observed cities appeared.  The four cities that were observed at 

this reduced threshold included: Bellingham, WA; Spokane, WA; Vancouver, WA; and Yakima, 

WA. 
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Geospatial visualization of the Washington microcircuit with data filtered at an edge weight of 5 or greater. 

 
 

 


