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ABSTRACT 

 

Scholars have long argued that transnational human trafficking networks are marked by a dense 

set of alternative routes connecting sources to destination countries through any number of transit 

countries. This results in a geographical structure that is highly resilient to policy and 

enforcement efforts to constrain the trafficking business. I use Social Network Analysis, together 

with a content analysis of the country narratives in the US State Department Traffic in Persons 

Report, to model that structure in order to shed light on the puzzle of network resiliency. The 

model both simulates the relative flow of trafficking across this network and permits the 

identification of systemic vulnerabilities that can be exploited to constrain the network. I propose 

a strategy of targeting those choke points, or bottlenecks, that reduce the likelihood of a robust 

response. I test this strategy against a hot spot strategy that targets those connections with the 

highest likelihood of victims moving along them and find that the bottleneck strategy is more 

effective in reducing the total volume of trafficking. Moreover, it is also more efficient, denying 

traffickers the flexibility to re-route a greater percentage of victims along paths chosen for 

interdiction. 
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CHAPTER 1 

Motivating the Question 

Transnational trafficking in persons has impacted a wide spectrum of issues- to include 

human rights, fair trade, gender discrimination, public health, national security, international law, 

and public safety- and has motivated scholars across a broad set of disciplines to focus on 

explaining and tackling the global phenomenon.1 While there is an expansive literature 

addressing push-pull factors that create the international trafficking environment,2 another vein of 

research considers the organizational structure of trafficking networks operating as a part of the 

international migration business. The seminal work in this agenda is Salt and Stein (1997), who 

view trafficking networks as intermediaries facilitating migration. They model the functions and 

methods of traffickers and their facilitators, describing the movement of migrants along a well-

defined set of international routes. These traffickers have at their disposal a string of contacts 

connecting sets of transit countries. As a result, they have a wide variety of geographical routes at 

their disposal.   

Salt and Stein’s model focuses on the constant need for traffickers to gather and assess 

information about immigration systems in order to circumvent anti-trafficking efforts and assure 

the survival of their business. This permits the re-routing of victims if and when necessary, 

making transnational trafficking networks highly resilient and difficult to constrain. Scholars 

studying how best to do so have considered a number of policy options, to include immigration 

control, victims’ assistance programs, and awareness campaigns (Friebel and Guriev 2006; 

Tamura 2010; Akee, Bedi, Basu, and Chau 2014; Mahmoud and Trebesch 2010; Lee and Persson 

2015). However, beyond the question of just how to constrain the network is the important 

question of what part of the network should be constrained to achieve the maximum effect? That 

is the question this paper addresses.  

Given the dynamic and flexible nature of the transnational trafficking business, 

constraining one part of the network will not result in dismantling it. Like any business, licit or 
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illicit, constraining inputs (routes) results in substitution (of routes), which in turn changes the 

geographical structure of the network. The puzzle lies in identifying the vulnerable links in the 

trafficking chain, whose constraint results in a re-routing of victims that is systemically sub-

optimal. 

Following Salt and Stein (1997), I understand international trafficking networks to be a 

subset of the migration business, whose varied routes create a geographical structure. I apply 

social network analysis, together with a content analysis of the country narratives in the US State 

Department Traffic in Persons (TIP) Report, to model that structure in order to shed light on the 

puzzle of network resiliency. I argue that the resiliency of the network requires a targeting 

strategy that takes into account the reaction of traffickers. Scholars employing social network 

analysis (SNA) have asked this question about illicit networks — among them organized crime 

and terrorism — with a focus on identifying structurally important actors. However, uncovering 

the structural importance of an actor does not inform us of the systemic consequences if that actor 

were removed. Policy-relevant research of illicit networks requires that I purposefully engage in 

such counter-factual analysis.  

In structural terms, I am arguing that trafficking networks are onion-like in construct: the 

existence of common international networks of agents across transit countries creates “hubs” 

within which there are numerous transportation alternatives for moving migrants through 

different sets of transit countries. Thus, I argue that constraining trafficking networks in hubs is 

not likely to have the intended effect; trafficking will simply be re-routed. My approach focuses 

instead on the strings of actors hired along paths connecting transit countries, which when 

constrained, incentivizes traffickers to engage in route substitution. The consequence is a 

reduction in the number of alternatives available to trafficking networks, causing a systemic 

reduction in the flow of trafficking. In essence, the system is being reconstructed from an onion-

like structure with high path redundancy to a centralized, hierarchical structure with very little 

path redundancy between hubs.  
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I juxtapose my approach, which I call the bottleneck strategy, against one that focuses on 

constraining the main geographical hubs in international trafficking. I test the relative success of 

these two strategies using 100 permutations of a simulation of international trafficking networks. 

Success is defined as a diminution in the ability for traffickers to re-route their victims. That is, if 

a connection between two countries is removed, can the traffic moving along that connection still 

reach its destination? For all permutations of the network, I find that the bottleneck strategy is 

more effective in reducing the total volume of trafficking. Thus, constraining traffickers’ primary 

routes is less effective in the long run than focusing on their alternative path options.  

 

Human Trafficking 

While there is an expansive literature assessing how best to protect and assist victims, the 

majority of human trafficking literature falls into two categories. While the boundaries between 

the two are often blurred, the first is generally focused on public policy solutions while the 

second has largely grappled with understanding how human trafficking functions.  

The UN Protocol to Prevent, Suppress and Punish Trafficking in Persons was particularly 

important for the public policy literature that subsequently emerged and dealt with various legal 

and administrative approaches to disrupting human trafficking. Among the approaches in this 

literature that scholars discuss are increasing awareness of the problem (Wheaton, Schauer, & 

Galli 2010; Chuang 2006; Mahmoud & Trebesch 2010), tighter border controls (Chuang 2006; 

Gallagher 2011; Skeldon 2000, Kyle & Koslowski 2011; Friebel & Guriev 2006), and 

legalization of prostitution (Raymond 2003; Wallace 2002; Danailova-Trainor & Belsor 2006; 

Hughes 2000 & 2002; Waltman 2011; Weitzer 2007).  Not surprisingly, many of the studies in 

this public policy category compare the success or failure of given policies.  

The second category of research has addressed the systemic questions of why trafficking 

exists and how it works. Much of the research in this vein focuses on the underlying conditions 

that make populations vulnerable to trafficking. While gender inequality has been an important 
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argument for those paying particular attention to sex slavery (Patten & Andreea 2005; Demleitner 

2001; Ehrenreich & Hoschild 2002; Kleuber 2003; Bertone 2000; Dottridge 2002; Doezema 

2002; Ali 2005; Lee 2005; Seol et. al 2003; Raymond et al. 2002; Raymond and Hughes 2001; 

Pessar & Mahler; 2003; Sheldon et al. 2007; Williams & Masika 2002), scholars have addressed 

a myriad of factors such as education, poverty, unemployment, political instability, natural 

disaster, war, and corruption that in combination contribute to the problem. The emerging 

paradigm identifies these factors with globalization, which generates both the demand and the 

mechanism for the global exploitation of vulnerable populations. Gross socioeconomic disparities 

fuel the ability of traffickers to entice potential victims by offering an improved standard of living 

(Bales 2003; Kelly 2002; Demleitner 2001; Anderson & Davidson 2003; Eialu 2006; Surtees 

2005; Kara 2009). Taking advantage of global interdependence, traffickers move victims within 

existing trade and migratory patterns and smuggle them across porous international borders to 

meet the demand for cheap labor and commercial sex (Friedrich, Meyer, & Perlman 2006; 

Clawson 2007; Danailova-Trainor & Belser 2006; Allred 2006; Bales 2000, 2003, 2004, 2005; 

Langberg 2005; Kelly 2002; Demleitner 2001).  

Given globalization’s close connections with growing financial and economic 

interconnectivity, it is not surprising that many scholars have treated trafficking and related 

industries, such as commercial sex and migration, as a market (Cameron 2002; Collins 2004; 

Cunningham & Kendall 2010; Giusta, Di Tommaso, & Strøm 2007; Roth 2007; Mahmoud & 

Trebesch 2010; Levenkron & Dahan 2003; Anderson & Davidson 2003; Ahlburg & Jensen 1998; 

Edlund & Korn 2002). While many of the economic arguments can be quite complex, those 

adopting this approach generally argue that human trafficking functions in accordance with 

supply and demand mechanisms, where traffickers operate as middlemen. However, because it is 

an illicit market, efficiency is not the only concern. Traffickers must also focus extensively on 

security (McCormick and Owen 2000; Mishal and Rosenthal 2005; McAllister 2004; Enders and 

Su 2007; Zimmerman et al. 2003). An example of this approach is a study by Wheaton, Schauer, 
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and Galli (2010), who argue that traffickers must possess an in-depth knowledge of the local 

population and the specific methods necessary for finding and enticing the vulnerable elements of 

that population. Moreover, these traffickers face high fixed costs stemming from falsifying 

documents, housing and feeding trafficked individuals, and transporting them. Further adding to 

the traffickers’ costs is the risk of being caught and the severity of punishment. Therefore, the 

establishment of safe trafficking routes is of paramount importance, and they necessarily rely 

upon corrupt officials to help lower these costs (Schloenhardt 1999; Salt & Stein 1997; Langberg 

2005; Agbu 2003; Shelley 2003; Hughes & Denisova 2001; Lee 2005; Logan 2009; Kyle & Dale 

2001).  

These scholarly works have given us a substantial understanding of how trafficking 

works, but much still remains to be done. I present a model to consider strategies for disrupting 

human trafficking. My model is situated in the vein of research that considers the organizational 

structure of trafficking networks operating as a part of the international migration business. 

Scholarly work generally argues that human trafficking constitutes a global system in which 

source countries with vulnerable populations provide victims who move along paths to reach the 

demand in destination countries. This pattern in the aggregate constitutes a clear network.  

 

Social Network Analysis  

In recent years, Social Network Analysis (SNA) has been particularly useful in studying 

illicit networks. The clandestine nature of these networks present unique challenges, which 

require new approaches for modeling and analyzing them. The purpose of many of these efforts is 

to identify central actors under the assumption that their removal will result in a “disruption” of 

the illicit network, decreasing its ability to operate.3  

The conventional approach focuses on the removal of key actors or locations with the 

intent of fragmenting the network into disconnected components (see Borgatti 2006).  An 

analogous approach in criminology is the crime mapping of “hot spots” for intervention (Kelly 
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2005). Sparrow (1991) argues that the removal of these highly connected central actors is key to 

weakening the criminal network. Klerks (2001) contends that their removal is likely to deny the 

network of important talents and capabilities possessed by these actors.  

The post 9-11 era has witnessed a substantial growth in the application of SNA to 

terrorist networks (see Hafner-Burton, Kahler, and Montgomery 2009 for a review of this 

literature). Many of these studies adopt the strategy of targeting well-connected central players. 

Among the earliest of these efforts is Krebs (2001), who used open source data to model the 

social network of the 9-11 hijackers. He showed that many of the hijackers’ ties were centered 

around the pilots, who possessed the most important skills for the success of the operation. He 

argued that the centrality of these key players made the network easier to disrupt. Subsequently, 

Sageman (2004) modeled the global al Qaeda communication network. He argues that the global 

jihad structure can be dismantled when ten to fifteen percent of the central players in the system 

are removed.  

Highly connected actors, however, may not be the most structurally important actors in 

an illicit network. As scholars point out, such networks are constructed with security in mind 

(Baker and Faulkner 1993; Morselli Giguere, and Petit 2007). Thus, a redundant leadership 

capability is structurally built into the network, making it highly resilient to decapitation at the 

top. Moreover, major players turn out to be easily replaced in terms of their position and function 

in the structure (Pedahzur and Perliger 2006).  

An alternative is the targeting of “brokers” serving as bridges between otherwise 

unconnected actors or sets of actors. Ronald Burt (1976, 1992, 2000) argues that their removal 

results in structural holes. While Burt’s argument has contributed to a vibrant research agenda in 

business and management,4 many scholars have commended it as a means for fragmenting illicit 

networks (Kenny 2007; Valente and Fujimoto 2010). Among the applications, Kinsella (2006) 

uses structural holes to identify actors whose removal disrupts international illicit arms transfers. 

Zhang (2008) and Zhang and Chin (2002) also identify brokers as an important feature of Chinese 



	 7	

human smuggling networks. Indeed, Zhang and Chin (2002) put a fine point on the matter 

arguing that the decentralized nature of smuggling networks makes them more sensitive to the 

removal of linkages in the network than to the removal of the “big fish.”  

While the structural holes approach is more purposefully systemic than targeting highly 

central actors, it nonetheless is subject to criticism leveled by Borgatti (2006). He points out that 

our conventional measures— whether looking at central actors or structural holes— are static 

measures of the structural importance of an actor. They do not tell us anything about the effect of 

removing that same actor. This is critical to analyzing illicit networks, which are noted for their 

flexibility and resiliency in the face of law enforcement efforts.5 Thus, I take a more intentionally 

dynamic approach, focusing on those elements whose removal significantly reduces the ability of 

traffickers to re-route victims.  

The success of a targeting strategy is determined by the structure of the network; and the 

structure of an illicit network is determined by its purpose, which for a trafficking network is to 

transport victims from source to destination countries across transit countries. Trafficking 

networks operate in several countries simultaneously by contracting chains of individuals who 

perform highly specialized functions with limited information on the network as a whole 

(Williams 2002; Schloenhardt 1999; Salt and Stein 1997).  This not only assures security of the 

larger operation, but it permits a flexible response to changing law enforcement activities by 

keeping in place a large set of redundant path options (Salt and Stein 1997; Vayrynen 2005; 

Schloenhardt 1999). For example, Nigerian traffickers are noted for maintaining a flexible 

organizational structure operating across several countries (Mancuso 2013); Zhang and Chin 

(2002) note that Chinese smugglers make use of multiple intermediate stops along routes to the 

United States; and Vayrynen (2005) points out that increased patrolling of the Strait of Gibraltar 

has resulted in the redirection of North African smuggling routes. In short, re-routing is 

characteristic of the transnational trafficking business. 
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I argue that international human trafficking networks are maximally disrupted when their 

ability to re-route is constrained. Essentially, destinations risk being cut off from sources, 

rendering victims unable to reach their intended market. Since the network is dynamic and 

traffickers react to targeted attacks, I propose a strategy of targeting those choke points, or 

bottlenecks, that reduce the likelihood of a robust response. I test this strategy against a hot spot 

strategy that targets those connections with the highest likelihood of victims moving along them. 

While targeting hot spots seems at an intuitive level to offer an optimal solution, I will 

demonstrate that is not the case with the human trafficking network. In what follows, I meld a 

basic SNA approach with existing theoretical work on trafficking operations in order to construct 

and analyze a representation of the transnational human trafficking network. I then develop my 

bottleneck strategy and demonstrate that it outperforms a hot spot targeting strategy.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



	 9	

CHAPTER 2 

Simulating Trafficking 

I use social network analysis (SNA) in order to model the international human trafficking 

system. My model highlights the role played by transit states, which ensure both access to 

markets and security for traffickers. The paths connecting supply to demand through these transit 

states define the way in which human traffic moves across the international system. In the 

aggregate, these paths create a network. The model both simulates the relative flow of trafficking 

across this network and permits the identification of systemic vulnerabilities that can be exploited 

to constrain the network. 

While a considerable volume of trafficking occurs domestically or is intra-regional,6 I 

focus on larger scale trafficking operations that make use of at least one transit country. Thus, 

despite the extreme diversity in the size and scope of operations of trafficking rings, I narrow the 

focus to those with the resources to move victims across multiple international borders.  

There are reliable small-scale estimations of domestic and intra-regional trafficking 

flows, but data at the international level are more difficult to come by. While the United Nations 

Office for Drugs and Crime (UNODC) produces data on trafficking flows across regions, I need 

data on country-to-country flows. In order to get around this issue, I simulate a network 

constructed in three phases: (1) identification of source-destination pairs, (2) estimation of a “road 

map” of trafficking routes based on migration, trade, and corruption data, and (3) the allocation of 

the relative amount of trafficking that may move from each source to its destination, given the 

available paths in the road map.  

The source-destination pairs are derived from a content analysis of the country narratives 

in the 2012 State Department TIP Report. Since I wish to test the dynamics of traffickers re-

routing victims, I need to incorporate the transit countries along the available routes for moving 

victims to market. I rely on the human trafficking literature for this paper’s assumptions on the 

behavior of traffickers to identify plausible paths through transits linking the source to destination 
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in each source-destination pair. At this juncture, I have source-destination pairs and plausible 

routes connecting them, but as yet I do not have the magnitude of the flow of victims from each 

source to each destination. Therefore, I simulate these data using an algorithm allocating the flow 

along each path. The result is a representation of the international human trafficking network that 

establishes the potential movement of victims. (As I will make clear later, I generate 100 

permutations of this representation.) In what follows, I discuss each of these three phases of the 

model construction.  

 

Phase I: Identifying Source-Destination Pairs 

 I obtain the source-destination pairs from the “Trafficking in Persons Report” issued by 

the U.S. State Department in 2012. The report provides information for each country on two 

dimensions: first, a “tier” ranking of the government’s response to human trafficking and second, 

a narrative describing the country’s involvement in trafficking. The former has been subject to 

substantial criticism for its political bias (Gozdziak and Collett 2005; Friedrich, Meyer, and 

Perlman 2006). Countries that have a significant problem with human trafficking but are major 

allies of the U.S. are often assigned a tier ranking that identifies them as having only a limited 

problem. This permits the United States to avoid imposing economic sanctions attached to lower 

tier rankings. As Friedrich, Meyer, and Perlman (2006) point out, Bolivia, Qatar, Sudan, Togo, 

and the U.A.E. were reassigned from Tier 3 to Tier 2 in 2005. In the same year, sanctions were 

not applied against Ecuador, Kuwait, and Saudi Arabia despite their being in Tier 3. Thus, the tier 

ranking is deeply problematic for use as data for any research agenda that seeks to be unbiased in 

assessing the problem of human trafficking.  

In contrast, the country narratives, which are often not well correlated with the tier 

rankings (Friedrich, Meyer, and Perlman 2006), have been subject to far less criticism. Indeed, 

scholars have found them to be a unique and rich source of information (Shelley 2010; Clawson 

2007).7 Each narrative includes a discussion of the origin of trafficked persons in the country 
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based on reports from NGO, IGO, and criminal trial proceedings. I make use of this portion of the 

narratives to identify source-destination pairs. Since the report does not give us enough 

information to determine the number of victims moving from any source to destination, I assign a 

binary directed tie in a matrix from each source to each destination, based on textual analysis.  

As an example, the TIP narrative mentioned that there are women and children from 

Benin who are trafficked to Gabon. Therefore, I code Benin->Gabon as a source-destination pair. 

However, because the report does not mention any victims in Benin from Gabon, the source-

destination pair of Gabon->Benin is coded zero. The resulting database comprises 1,401 source-

destination pairs.  

This method requires that the report explicitly identify the source country by name. 

However, the report does not always do so; sometimes it may list only the major source countries 

for a given destination or simply the region of those source countries.  In these cases, I am not 

able to identify a source-destination pair and thus the textual analysis represents the minimum 

number of those pairs. Given this possibility, I introduce a 5% probability that the textual analysis 

is missing a given source-destination pair. The equation that I use to do this assumes that, in fact, 

the State Department has accurately assessed the pattern of countries’ connectivity in the human 

trafficking system. Thus, a “missing” source-destination pair is only likely to be coded as existing 

if the source country i is a major source and the destination country j is a major destination.  

The probability that a source-destination pair that is not identified by the State 

Department will be coded as existing is determined in the following manner.  Out-degree, Out, is 

a count of the number of destinations that the textual analysis identifies for a given source country 

i. In similar fashion, in-degree, In, represents the number of source countries from which victims 

have been found in a given destination country j. I then calculate the following probability 

function for all source-destination pairs that do not exist in the State Department report (as 

determined by the textual analysis). 
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 I do this 100 times to create 100 permutations of the original set of source-destination 

pairs. This exercise increases the number of source-destination pairs for each of the 100 

permutations by an average of 71 new pairs (±6.18) that are not explicitly identified in the 

original TIP report. The number of source-destination pairs across the resulting 100 permutations 

is 1,459 to 1,494.  

As will become clear, I use these 100 sets of source-destination pairs to generate 100 

human trafficking networks on which I test disruption strategies. Introducing the probability of 

missing data at this stage in the construction of the model permits us to test the robustness of my 

findings. 

 

Phase II: Creating the Road Map 

The source-destination pairings in each of the permutations do not tell us the paths that 

victims take from the source to the destination in each pairing. Since I wish to test the dynamics 

of traffickers re-routing victims, I need to incorporate the transit countries along the available 

routes for moving victims to market. I rely on four factors— migration, trade, corruption, and a 

“routing likelihood” function— to estimate not only the paths along which victims are likely to 

move but also the relative capacity of these paths. 

The pressures for migration in the current global environment create space for 

intermediaries to facilitate the movement of individuals across international borders. In the vein 

of Salt and Stein (1997), many scholars understand both smuggling operations and traffickers to 

exist in the shadows of the migration business (Joarder and Miller 2013; Vayrynen 2005; 

Mahmoud and Trebesch 2010; Tamura 2010). While smuggling and trafficking are not the same, 

the difficulty in distinguishing between them (Petros 2005) demonstrates that they are closely 

intertwined. Tamura (2010) argues that traffickers make use of smugglers and travel agencies to 
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assist in carrying out their business. Thus, they are likely to not only agglomerate in areas of 

heavy migration flows, but they are also likely to use the same routes (Mahmoud and Trebesch 

2010). Indeed, as Zhang and Chin (2002) note, the use of migration routes has a “self-reinforcing 

effect” in which pockets of migration in transit countries provide cover and operational support 

for Chinese smuggling networks.  

For data on migration flows, I use the estimates of Abel and Sander (2014), which are 

available at Wittgenstein Centre for Demography and Global Human Capital.  These data are 

measures of migration from each country i to each country j between 2005 and 2010. The number 

of countries for which data are missing is relatively small, and most are island nations with a low 

population. Since I do not expect these countries to have large migration flows, I do not estimate 

missing data for them. Overall, the data for migration roughly follow a power law distribution, 

with a very large number of dyads on the low end of the range. The highest estimated migration is 

from Mexico to the United States. In order to standardize these data, I estimate the functional 

form of the power law and construct a cumulative distribution function that transforms the data to 

represent the probability that observations fall below each data point.  

International trade routes reinforce existing migratory patterns. Scholars argue that 

traffickers make use of cargo containers and their means of conveyance to include ships, trains, 

aircrafts, and trucks (Salt and Stein 1997; Aronowitz 2009). Zhang and Chin (2002) argue 

similarly that Chinese networks smuggle migrants to the United States in fishing trawlers and 

freighters. Moreover, trade is a good proxy for short-term travel, which traffickers can take 

advantage of by having their victims declare tourism as the purpose of their travel (Surtees 2005).   

To measure legal trade between countries, I use the United Nations Comtrade database. 

Since I am interested in the direction of trade between a country i and a country j, and moreover 

since my interest is in determining the potential for human trafficking from country i to country j, 

I use export data from country i to j. As was the case with the migration data, the number of 

missing cases in the dataset is relatively small and largely comprises countries that are not major 
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exporters. Since the trade data follow a power law distribution, there are a very large number of 

dyads at the lower end of the range. At the high end of the range is the trade from the U.S. to 

China. I standardize the trade data in the same manner that I standardized the migration data.  

Corruption is a key element in facilitating the trafficking of migrants across international 

borders. Zhang and Chin (2002) find that smuggling would be impossible in China without the 

collusion of government officials, and Vayrynen (2005) argues that traffickers possess “semi-

permanent relations with local authorities.” Bribed officials can provide any number of services 

from providing fraudulent documents to turning a blind eye to traffickers’ activities. They are 

particularly important in assuring movement through customs and immigration control 

(Schloenhardt 1999). Moreover, they can be invaluable sources of information on law 

enforcement activities that affect their choice of routes (Salt and Stein 1997). Since trafficking 

networks operate in several countries and maintain multiple route options, the very availability of 

corrupt officials can affect the choice of transit countries to those where the risks are the lowest; 

transit countries with weak legal and political institutions lower the barrier to entry for illicit 

networks to operate (Williams 2002).  

Country scores of corruption are derived from Transparency International’s Corruption 

Perception Index, which rates countries from 0 to 100, where 100 is the least corrupt. To make 

the corruption variable more intuitive, I take the complement of the values so that larger numbers 

represent higher levels of corruption. In my dataset, Denmark is the least corrupt country, and 

Somalia is the most corrupt. 

Trade and migration are activities that necessarily involve two states. Thus, if data are not 

reported by either, there is reason to believe that there is likely no trade or migration between 

those two states. On the other hand, corruption is a score unique to a single state. Therefore, I 

assign the average value to the twenty-two missing cases in the dataset, which are isolates and 

island nations. Whereas trade and migration follow a power law distribution, the scores for 

corruption are normally distributed. I standardize them based on this distribution.  
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While legal migration and trade flows facilitate trafficking, trafficking has a unique 

pattern. For example, the United Kingdom has substantial trade and migration flows into and out 

from its borders. However, while the country is defined as a major destination for trafficking, it is 

far less likely that trafficking flows out from its borders. Therefore, I incorporate a routing 

likelihood factor that accounts for this in the construction of the road map. This likelihood factor 

is calculated on the basis of the three roles that countries play in the international trafficking 

system: source, destination, and transit. To do this, I turn once again to the State Department TIP 

Report. Although my primary purpose for using the report is to identify source-destination pairs, 

the report also enables us to identify the number of trafficking connections exiting and entering a 

given country. I exploit these connections to construct the routing likelihood factor, which is 

calculated for each of the 100 sets of source-destination pairs.  

To distinguish the routing likelihood factor from the source-destination pairs, I now label 

source countries as exporters and destination countries as importers for the routing likelihood 

factor. I score each country on the degree to which it acts as an exporter (Exp), importer (Imp), 

and transit (Trn).  

By definition, exporting countries have more trafficking leaving the country than 

entering. Therefore, I formally define the degree to which a country i is a net exporter, 𝐸𝑥𝑝!, as a 

function of its out-degree and in-degree. Out-degree, Out, is the number of destinations for a 

source country; and in-degree, In, represents the number of source countries from which victims 

have been found.  

𝐸𝑥𝑝! =
𝑂𝑢𝑡! − 𝐼𝑛!  𝑖𝑓𝑂𝑢𝑡! − 𝐼𝑛!  > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  

The top exporter across all 100 sets of source-destination pairs is China, with an average in-

degree of 24.48 and an average out-degree of 64.79. In other words, on average, China is a source 

for 64.79 destination countries; and it is a destination country for 24.48 source countries. China is 
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followed by the Philippines, which has an average in-degree of 4.17 and an average out-degree of 

32.82. 

In contrast to export countries that have more traffic leaving, importing countries have 

more traffic entering. Therefore, I formally define the degree to which a country is an import 

country, 𝐼𝑚𝑝!, as:  

𝐼𝑚𝑝! =
𝐼𝑛! − 𝑂𝑢𝑡!  𝑖𝑓𝐼𝑛! − 𝑂𝑢𝑡!  > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  

The top importer across all 100 sets of source-destination pairs is the United States, which has an 

average in-degree of 39.74 and an average out-degree of 1.02. It is therefore a destination for 

39.74 source countries but a source for only 1.02 destination countries. The United Arab Emirates 

is second, with an average in-degree of 36.57 and an average out-degree of 1.01. 

For the sake of simplicity, the equations used to score whether a country is a net exporter 

or importer of trafficking are complementary. If a country is a net exporter, its score is 0 as an 

importer; and if a country is a net importer, its score is 0 as an exporter.   

Transit countries are those in which a high volume of trafficking is entering the country 

and a relatively high volume is exiting. Thus, the balance between importing and exporting as 

well as the magnitude of the traffic are equally important. I formally define the degree to which a 

country is a transit country 𝑇𝑟𝑛! to take this volume into account. Let N be the set of all 

countries.  

Then let 𝑚! =  𝑚𝑎𝑥!∈! 𝑂𝑢𝑡! − 𝐼𝑛! .  

Let 𝑚! =  𝑚𝑎𝑥!∈! 𝑂𝑢𝑡! + 𝐼𝑛! .  

Then balance is defined as 𝐵𝑎𝑙! = 1 −  !"#!!!"!
!!

  , 

and magnitude is defined as 𝑀𝑎𝑔! =  !"#!!!"!
!!

 .  

Then 𝑇𝑟𝑛! =
!"#!!!"#!

!
 .  
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The top transit country across all 100 sets of source-destination pairs is Indonesia, with an 

average in-degree of 22.63 and an average out-degree of 26.65, followed by Russia with an 

average in-degree of 20.48 and out-degree of 29.56.  

 I standardize the export, import, and transit scores on the basis of a normal distribution. I 

next construct the routing likelihood variable, 𝑅!" using these standardized scores. 𝑅!" is a 

function representing the pattern of movement of victims from exporters to importers, through 

transits. There are five scenarios comprising this pattern. These scenarios are mutually exclusive 

because, although every country has some role as a transit, every country is either a net importer 

or a net exporter. Thus, for every ij pair, j is either an exporter or an importer; it cannot be both. 

The ideal scenario (scenario four in equation [1] below) occurs when some country i is an 

exporter and some country j is an importer. In order to maximize movement between the two, I 

compute 𝑅!" as a function of the larger of the transit or export score for country i and the larger of 

the transit or import score for country j. All other scenarios are a variant of the ideal, where 

movement will involve transit countries. Thus, I compute �!" as a function of the transit scores.  

If country j is an exporter, it does not matter if country i is an importer or an exporter 

since victims can only move from i to j if j is acting as a transit. This occurs when country j’s 

transit score is higher than that of country i’s. In essence, victims can only be brought into an 

exporting country if they are in transit to their final destination. In such cases, country j is not 

exporting its own citizens but rather moving citizens of other countries to their final market.  

Similarly, if country j is an importer, victims can move from i to j if country i is acting as 

a transit and therefore has a larger transit score than country j. (Country i can also act as an 

exporter in this situation; but this would constitute the ideal scenario, which I have already 

discussed.)  

The final scenario occurs when the relative roles of countries i and j are not defined by 

any of the above four scenarios. An example would be if country i is an importer and j is an 
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exporter, but country i is more of a transit than j. In such a case, victims will not move from i to j 

since this does not follow a rational trafficking pattern; and 𝑅!" is set to zero. In the majority of 

cases in the network, 𝑅!" is zero. The maximum 𝑅!" for all 100 permutations is China-> U.S.  

 𝑅!" is formally defined as:  

𝑅!"  =

𝑇𝑟𝑛! ∗ 𝑇𝑟𝑛!  𝑖𝑓 𝐼𝑚𝑝! > 0, 𝑎𝑛𝑑 𝐼𝑚�! > 0, 𝑎𝑛𝑑 𝑇𝑟𝑛! > 𝑇𝑟𝑛!
𝑇𝑟𝑛! ∗ 𝑇𝑟𝑛!  𝑖𝑓 𝐼𝑚𝑝! > 0, 𝑎𝑛𝑑 𝐸𝑥𝑝! > 0, 𝑎𝑛𝑑 𝑇𝑟𝑛! < 𝑇𝑟𝑛!
𝑇𝑟𝑛! ∗ 𝑇𝑟𝑛!  𝑖𝑓 𝐸𝑥𝑝! > 0, 𝑎𝑛𝑑 𝐸𝑥𝑝! > 0, 𝑎𝑛𝑑 𝑇𝑟𝑛! < 𝑇𝑟𝑛!

max 𝐸𝑥𝑝! ,𝑇𝑟𝑛! ∗max 𝐼𝑚𝑝! ,𝑇𝑟𝑛! 𝑖𝑓 𝐸𝑥𝑝! > 0 𝑎𝑛𝑑 𝐼𝑚𝑝! > 0
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 [1] 

𝑅!"  establishes that if victims are moving to an importing country j then they must move from 

either an exporting country i or a transit country i. On the other hand, if victims are moving to an 

exporting country j then that exporting country j must act as a transit. This follows logically since 

traffic will not end at an exporting country. In essence, equation [1] requires that traffickers 

strategically choose paths that increase their access to the intended destination country. 

Using standardized scores for all of the data, I calculate the capacity, Cap, of any edge 

leading from country i to country j as follows: 

𝐶𝑎𝑝!" =
(2𝑀!" + 𝑇!")𝐶!𝑅!" ,    𝑖𝑓 𝑀!" ≠ 0
0,                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

    [2] 

where 𝑀!"is the amount of migration that occurs from country i to country j, 𝑇!"is the amount of 

trade from country i to country j, 𝐶! is country j’s corruption score, and 𝑅!" is the routing 

likelihood factor. The highest possible value for 𝐶𝑎𝑝!" is three. Since the algorithm that I describe 

in the ensuing section requires integers, I multiply the 𝐶𝑎𝑝!" by a factor of 10,000 in order to gain 

precision.  

The 𝐶𝑎𝑝!", at equation [2], requires that the routing factor is not zero and thus traffic can 

move in the direction from country i to country j. Moreover, the equation requires that at least 

some level of migration exists. (While the same is true for corruption, I should note that no 

country is scored a zero on corruption in the database.) Not only does migration facilitate 
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trafficking in an operational sense, but it also enhances security for traffickers whose victims will 

constitute little more than “noise” along these normal migration routes. For these reasons, I 

weight migration twice as heavily as trade. Taken together, these considerations result in 14% of 

the edges having some capacity for moving victims in the network.  

The 𝑅!" in the capacity function depends on the given permutation of the source-

destination pairs with which I am working. Thus, I have 100 permutations of the road map, each 

of which identifies paths along which human trafficking is likely to occur and determines the 

maximal capacity that can move along each edge at any given time, as calculated by equation [2]. 

While 𝐶𝑎𝑝!" is crucial for traffic to flow along an edge, it alone does not determine the amount of 

flow. To do this, I use an algorithm that takes a systemic approach to allocating flow along a 

given edge. I now step through that algorithm, which lies at the heart of my model of the 

international trafficking system.  

 

Phase III: Assigning Flow  

In the final phase of constructing the model, I leverage the Edmonds-Karp flow algorithm 

to evaluate all available paths between a source and its destination in a given source-destination 

pair. It assigns the maximum “flow” as a theoretical placeholder for the volume of victims that 

the source can supply the destination using all available path options. This is done for each 

source-destination pair in the set. Since I generate 100 unique sets of source-destination pairs, this 

results in 100 permutations of the international human trafficking system.  

The Edmonds-Karp flow algorithm is a relatively straightforward breadth-first search 

implementation of the Ford-Fulkerson algorithm. It has its roots in a concept first used by the 

U.S. Air Force to identify vulnerable cut points in Soviet rail lines during the Cold War. The 

algorithm selects paths that most plausibly facilitate the movement of victims from origin to 

destination countries since it gives preference to shorter paths. Its identification of the maximum 
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flow results in my depiction of the international human trafficking network, represented by 100 

permutations. Moreover, the algorithm’s assessment of minimum cut sets facilitates the ability to 

extract information that permits strategic targeting intended to disrupt this network. 

Formally, I define the road map as a graph G(N,E) where N is the set of nodes, in the case 

countries, and E is the set of edges connecting them. Movement in the road map occurs along the 

edges from country i to country j and is restricted by some maximum capacity 𝐶𝑎𝑝!". Flow, 𝑓!", is 

the maximum volume of traffic moving from i to j assigned by the algorithm. Let the set of 

source countries, derived from a given permutation of the source-destination pairs, be S and let 

the set of destination countries be D.  

Flow moving through G(N,E) from source node s to destination node d satisfies three 

properties: capacity constraint, flow conservation, and skew symmetry.  The first two properties 

provide an overview of how the algorithm functions at a very general level.  

 

Definition 1: 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝐶𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡: 𝑓 !,! (𝑖, 𝑗)  ≤ 𝐶𝑎𝑝 !,!  𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖, 𝑗 ∈ 𝑁 

 

Definition 2: 𝐹𝑙𝑜𝑤 𝐶𝑜𝑛𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛: 𝑓 !,! (𝑖, 𝑗) =  𝑓 !,! (𝑗, 𝑘) 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑗 ∈ 𝑁!!  

 

Capacity constraint means that flow from a source to a destination country that passes along a 

route from country i to country j cannot exceed the capacity 𝐶𝑎𝑝!" of that edge ij in the road map. 

The number of victims that can leave the source country for its intended destination is therefore 

restricted by the minimum capacity of any edge along that path.  Flow conservation means no 

victims remain in any transit country except for those for whom the country is the destination. All 

flow from the source country must arrive at its intended destination.  

In layman’s terms, I apply the algorithm to allocate flow as follows. First, a source-

destination pair is selected alphabetically. Second, all paths from the source s to the destination d 
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in the selected source-destination pair are ordered from shortest to longest. Third, beginning with 

the shortest path, the algorithm allocates the greatest possible flow from the source to the 

destination given the minimum capacity of the edges along the path. When there is a tie among 

the shortest paths, the algorithm checks all permutations to identify the ordering that results in the 

highest maximal flow from source to destination. Fourth, the algorithm continues until flow along 

each path from the source to its destination is maximized. The process is repeated for each 

source-destination pair. The full capacity along all edges is assumed to be available for each new 

source-destination pair. Not only does this ensure that the process is not biased in favor of source-

destination pairs solely on the basis of their position in the alphabetical ordering, but it is likely to 

impose a more conservative approximation of the effect of removing edges at each step.   

I present the classic example of how this proceeds. Consider the network in Figure 1 

consisting of seven countries. Assume that textual analysis of the State Department TIP report 

finds that trafficking moves from source country A to destination country G. The road map 

identifies the path options available from country A to country G. Flow and capacity along each 

edge are written in the general form flow/capacity. For example, the flow from A to D is zero, 

and the capacity from A to D is three. In the first iteration, flow along all edges is initially set at 

zero. This changes as the algorithm progresses. 

 

Figure	1.	Sample	Graph	with	no	flow	
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Given that flow can only move in the direction of the arrows, there are five available 

paths in Figure 1. The two shortest paths are ADEG and ADFG.  The algorithm calculates flow 

along both paths and begins with the one that results in the largest total flow of victims from 

source country A to its destination G. In the example in Figure 1, that path is ADFG. The 

minimum capacity along ADFG is three, which is the capacity of edge AD (the edge with the 

lowest capacity along the path). Thus, flow for all edges along that path is assigned as three. The 

assignment is shown in red in Figure 2.   

Since the flow from AD is now set at its maximum capacity of 3, path options that 

include AD are eliminated in future allocation of flow. A major consequence is that shorter paths 

are likely to have the greatest flow, which accords with my argument that traffickers prefer 

shorter paths. Thus, flow along ADEG is zero; and we need only look at remaining paths that do 

not include edge AD.  

Figure	2.	The	flow	along	path	ADFG	
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The next shortest path is ABCEG, where the minimum capacity is constrained to 1 along 

edge EG, resulting in one unit flow along this path (see Figure 3). The last two paths are of the 

same length, ABCDEG and ABCDFG. We know that no further traffic can be assigned along 

path ABCDEG because EG is at its maximum capacity.  This leaves ABCDFG as the final path, 

along which a flow of 1 can be allocated. The final result is in Figure 4.  

The flow from source country A to destination country G is the sum of the maximum 

flow along all paths, which in our example is 5. In accordance with the law of flow conservation, 

the sum of the total flow exiting along all edges from A is equal to the sum of the total flow along 

all edges directly entering G. The same holds true for every i,j dyad in the example network.  

The example contained only one source-destination pair. If we were to identify more 

source-destination pairs in the network, the algorithm would then continue until all source-

destination pairs are exhausted. I then calculate the total flow of human trafficking in the network 

Figure	3.	Flow	along	path	ABCEG	

Figure	4.	Example	graph	after	final	augmentation	

augmentation	
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as the sum of the maximum flow of all source-destination pairs. Recall 𝑠 ∈ 𝑆 and 𝑑 ∈ 𝐷.  Define 

the maximum flow, F(s,d), from s to d by  

𝐹 𝑠,𝑑 = 𝑓(!,!)(𝑠, 𝑖)!∈! . 

By the law of conservation, the maximum flow could also be defined as 

𝐹 𝑠,𝑑 = 𝑓(!,!)(𝑖,𝑑)!∈! . 

Then, the total flow in the network, TF, is the sum of the maximum flow for all s-d pairs in the 

network.  Formally, 

 

Definition 3: 𝑇𝑜𝑡𝑎𝑙 𝐹𝑙𝑜𝑤 𝑖𝑠 𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑎𝑠 𝑇𝐹 =  𝐹(𝑠,𝑑) !∈! .!∈!  

 

The algorithm allocates flow of human trafficking for each of the 100 permutations, 

resulting in 100 slightly different representations of the network. This allows us to talk about the 

network in two ways. The first portrays the maximum flow moving from source to destination for 

every source-destination pair. It is essentially a weighted version of the U.S. State Department 

TIP narratives, in which an ij pair is necessarily a source-destination pair. Although this does not 

portray the transit countries, or paths along which victims travel from source to destination, the 

flow along these paths is accounted for in determining the maximum flow between the source and 

destination. Depicting the network in this way is important in that it gives us the Total Flow in the 

network, which I use to monitor the success of targeting strategies that I discuss later in the paper. 

Henceforth, I refer to this as the flow network, 𝐻𝑇!". Ń is the set of all 𝑠 ∈ 𝑆 and 𝑑 ∈ 𝐷, where s 

is a source country and d is a destination country. Let (s,d) be a source destination pair. É is the 

set of all (s,d) pairs with weights 𝑤!" = 𝐹 𝑠,𝑑 . 𝐻𝑇!" = 𝐺(Ń, É).  

The second portrayal of the network gives me information on the transits. I label this the 

transit network, 𝐻𝑇!". It portrays every ij pair that was used to move flow from a source to a 

destination, and reports the sum of the flow moving along it for all source-destination pairs. This 
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depiction is important in selecting edges for removal. The weights of the edges, 𝑤!!, in 𝐻𝑇!", is 

given by 𝑤!" = 𝑓(𝑖, 𝑗)(!,!) .  In words, the weight of each edge in 𝐻𝑇!" is equal to the sum of 

the weights for that edge in every s-d pair. 𝐸 consists of all (i,j) pairs with weights wij.  𝐻𝑇!"  =

𝐺(Ñ, E). 
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CHAPTER 3 

Examining the International Human Trafficking System 

Before I turn to my primary task of testing disruption strategies, I give consideration to 

the human trafficking system I have just constructed. My purpose is to show the results of the 

theoretical assumptions informing the model. These results depict a system that appears to largely 

fall in line with patterns suggested in the human trafficking literature. For example, the model 

strongly corroborates the United Nations Office on Drugs and Crime (UNODC) findings related 

to cross-regional trafficking. In particular, East Asian victims are the most prominent globally 

and almost half of all international victims are trafficked within their region. This is probably to 

be expected given that the UNODC and the U.S. State Department rely largely on government 

reports. Nonetheless, it is compelling that when I manipulate the State Department data with my 

model’s theoretical assumptions, I arrive at similar conclusions to those of the UNODC.  

I attempt to externally validate the model by turning to a household survey conducted by 

Pennington et al. (2009), which in contrast to the State Department and UNODC, is not a data 

source relying on government reports. The survey, which was conducted in five eastern European 

countries (Belarus, Bulgaria, Moldova, Romania, and Ukraine), is limited in scope. However, it is 

one of the few in existence that estimates only cross-border trafficking. The survey asked 

respondents if they knew anyone who had been trafficked abroad for domestic servitude, 

engagement in construction or agricultural work, or prostitution. The model’s estimates of cross 

border trafficking out of these five countries are 91% correlated with those in the Pennington et 

al. survey.8 Therefore, I am not able to discredit the model on the basis of data derived from 

either government reports or household surveys. Thus, the model stands up quite well.  

Moreover, I am further encouraged that, upon closer scrutiny, my representation of the 

system continues to appear realistic. In the model, victims hail from every region of the world and 

are trafficked to every region of the world. While nearly every country is involved in the supply 

and demand of victims, a small subset account for most of it. Indeed, 10% of the countries in the 
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model account for over half of the victims supplied, and these victims are exploited in the top 

10% of the countries in the world that serve as their final destination. Furthermore, most countries 

are involved in trafficking with only a small number of other countries; the average is 7 countries. 

In fact, of all possible source-destination pairings (which assumes that every country traffics 

victims to every other country), only 3.87% exist. The majority of this traffic does not go directly 

from sources to destinations, but passes through transit countries. 

While most countries operate to some degree as a source, destination, and transit 

depending on the context, at a systemic level certain patterns emerge. These patterns are shown in 

Table 1 where I list the top ten source, destination, and transit countries. While I am not aware of 

any definitive list for 2012 against which to compare this,9 there are certain attributes that the 

literature argues are strongly associated with sources and destinations. Sources tend to be poor, 

under-developed countries: destinations tend to be wealthy, developed countries. The source and 

destination countries in the model match these descriptions: sources are negatively correlated 

with the Human Development Index and GDP per capita, whereas destinations are positively 

correlated with these two measures.  

 

Table 1. Top 10 Source, Destination, and Transit Countries 

Source Destination Transit 

China South Africa Russia 
Nigeria Italy Indonesia 
Pakistan United States Brazil 
India Greece Thailand 
Bangladesh Turkey Democratic Republic of the 

Congo 
Vietnam Saudi Arabia Bolivia 
Ethiopia Bahrain Argentina 
Moldova United Arab Emirates Ecuador 
Philippines Cyprus Mexico 
Ukraine Libya Lebanon 
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Similarly to sources and destinations, a small subset of countries (10%) is involved in 

transiting over half of the victims in the system. While the international human trafficking system 

relies heavily on a relatively small set of transit states, this in no way suggests that the problem is 

confined to a small portion of the globe. In fact, while the preponderance of victims are moving 

through a small number of transit states, it remains that smaller flows are moving throughout a 

significant portion of the international system. Of all the potential connections between countries 

in the world, 14% have the capacity for traffickers to move victims in the model. Of these path 

options, 99.6% are used.  

Given the purpose of transits in human trafficking, it makes sense that so much of the 

world’s traffic is moving through a small set of potential transit countries. This is due to an 

agglomeration effect: countries that provide fertile ground for criminal activities and act as a 

bridge to destination countries are attractive to traffickers, who are interested in moving victims 

in the most secure and efficient manner. The consequence is that there is a clear pattern of 

preferential attachment to transits in the international human trafficking system.  

The fact that a small number of source, destination, and transit countries dominate the 

international human trafficking system means that a small set of edges connecting these countries 

accounts for the majority of this flow. This would appear to provide a strong basis for disrupting 

the network using the hot spot strategy— the edges with the highest flow— rather than the 

bottleneck strategy, which rests on the system possessing a substantial degree of redundancy. 

Since the Krackhardt efficiency score (0.804) indicates that the network does not contain an 

extreme number of redundant paths, it might be vulnerable to hot spot targeting. As I will 

demonstrate, however, this is not an optimal strategy. The best strategy for constraining their 

operations is to focus on reducing their re-routing capability along alternative path options, no 

matter how few there may be.  
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CHAPTER 4 

Targeting Human Trafficking 

I now turn our attention to the paper’s primary purpose- reducing the total cross-border 

flow of victims in the international human trafficking system. The bottleneck strategy emerges 

from an important consequence of the Edmonds-Karp algorithm: for each source-destination pair, 

there exists a set of edges, the s-d cut, that when removed reduces the maximum flow from that 

source to destination, 𝐹 𝑠,𝑑 , to zero. Let C be a collection of edges in the road map. E\C is the 

set of all edges, E, with C removed.  If 𝐹! !,!\! 𝑠,𝑑 = 0, then C is a s-d cut set. Then, CS is 

the set of all s-d cut sets for a given source-destination pair; 𝐶𝑆 = 𝐶 ⊆ 𝐸 𝐶 𝑖𝑠 𝑎 𝑐𝑢𝑡 𝑠𝑒𝑡 . 

Thus, removing the s-d cuts for a given s-d pair, CS, results in zero capacity from the 

source to its destination and terminates all flow between them. As a corollary, if I remove CS, I 

render the source unable to move victims to the destination.  

The bottleneck strategy focuses on a subset of CS, referred to as the minimum cut set, 

MC. The edges in a minimum cut set are often called bottleneck edges, because of the potential to 

disrupt flow in a source-destination pair (Heineman, Pollice, and Selkow 2008). As a subset of 

CS, the removal of MC necessarily disconnects the source from the destination. Therefore, the 

flow over an edge in a minimum cut set cannot be re-routed should the edge be removed. What 

makes MC of interest is that it contains the edges with the smallest total capacity. In light of the 

fact that constraining an edge in the global network involves considerable effort and resources, I 

use the MC edges in my model since their smaller capacity likely makes them easier to target for 

constraint. For the international human trafficking network, these edges represent structural 

vulnerabilities that can be targeted. Recall that C is an element in CS. Let Y be any other element 

in CS. Then, the minimum cut set is formally defined as: 

𝑀𝐶(𝑠,𝑑) = 𝐶 ∈ 𝐶𝑆(𝑠,𝑑) 𝐶𝑎𝑝(!,!)(!,!)∈! ≤ 𝑚𝑖𝑛!∈!"(!,!) 𝐶𝑎𝑝(!,!)(!,!)∈! . 
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The algorithm identifies the minimum cut set for each source-destination pair. The 

bottleneck strategy selects one edge to remove from this set. The decision is made on the basis of 

the bottleneck ratio defined in equation [3].  

BR(i,j) = !!,!(!,!)
!(!,!)

 𝑛!,!(𝑖, 𝑗)!,! |!(!,!)!! ,                                      [3] 

 Where 𝑛!,! 𝑖, 𝑗  is the number of minimum cut set elements containing (i,j) for all s-d pairs in 

the network. 

Equation [3] calculates the bottleneck ratio for every edge ij in the minimum cut set, MC. 

If a particular edge ij is in the minimum cut set for only one source-destination pair, then the 

bottleneck ratio is merely the proportion of the flow moving along ij to the total flow moving 

from a particular source to its intended destination. If, however, the edge ij is in the minimum cut 

set for more than one source-destination pair, then the bottleneck ratio is the sum of those 

proportions for all the source-destination pairs in which it is in the minimum cut set. The edge 

with the highest bottleneck ratio is referred to as the bottleneck edge.  

The bottleneck ratio allows us to select the edges that reduce the flow between source and 

destinations, because they are in the cut set CS. Moreover, given these edges are in the minimum 

cut set MC, they are likely the easiest edges to remove. Finally, since I choose the edge in MC 

with the highest bottleneck ratio, I am likely maximizing the return on investment for cutting an 

edge. This is the theoretical underpinning of the bottleneck strategy, which selects the bottleneck 

edge for removal. Once the bottleneck edge has been removed I then repeat the bottleneck 

strategy for one hundred iterations as follows.  

1. Capacity for each edge ij is reset. 

2. Flow is re-allocated along all edges ij per the Edmonds-Karp algorithm. 

3. Total flow is measured using Definition 3. 

4. Minimum cut sets for all source-destination pairs are identified. 

5. Bottleneck ratios are re-calculated using equation [3]  
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6. The bottleneck edge is removed. 

 I compare the bottleneck strategy against the conventional wisdom of targeting hot spots 

in the network. Since the goal is to reduce the total network flow as much as possible, it seems 

intuitive to target high volume edges. Hot spot targeting identifies and removes the edge in the 

international human trafficking network with the highest flow moving across it. I designate this 

edge the hot spot, formally defined as 𝐻𝑆 = 𝑚𝑎𝑥!"∈!𝑤(𝑖, 𝑗). Once this edge is removed, I repeat 

the hot spot targeting approach for one hundred iterations as follows. 

1. Capacity for each edge ij is reset. 

2. Flow is re-allocated along all edges ij per the Edmonds-Karp algorithm. 

3. Total flow is measured using Definition 3. 

4. The hot spot is removed.   

Although more flow can move through a hot spot than a bottleneck edge, I nonetheless expect 

that the bottleneck strategy is more effective, across all 100 test networks, in reducing total flow 

in the network after 100 edges are removed.  

 

Model Results 

I test the relative success of two strategies based on whether or not traffickers can reroute 

their victims. That is, if a connection between two countries is removed, can the traffic moving 

along that connection still reach its destination? For all 100 permutations of the network, the 

bottleneck strategy is more successful in reducing total network flow at the end of 100 edge 

deletions. As the box plot in Figure 5 shows, the bottleneck strategy results in an average of 

25.3% (±1.97%) decrease in the total flow across the network after the edge deletions. In 

comparison, the hot spot strategy decreases total flow by only 22.37% (±2.10%).   

Indeed, a regression model (see model 1, Table 2) indicates that strategy matters— the bottleneck 

strategy removes 2.959% more than the hot spot strategy (p<0.000).  
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Not only is the bottleneck strategy more effective at the end of 100 iterations, but it is on 

average more successful across the individual iterations along the way. A regression analysis 

shows that the bottleneck strategy is more likely to result in a greater reduction in flow at each 

individual iteration. This is largely due to the highly effective early iterations, where the 

bottleneck strategy far outperforms the hot spot strategy. Compared to the hot spot strategy, 

removing an edge using the bottleneck strategy results in an additional 0.027% decrease in flow 
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Table 2. Comparing the Effectiveness of the Strategies on Decreasing Network Flow 
Model 1 

After 100 iterations 
Model 2 

At each iteration 
Strategy -2.959*** 

(.288) 
-.027*** 

(.000) 
 

Iteration  .000*** 
(.000) 

Constant 25.333*** 
(.204) 

.296*** 
(.006) 

N 200 19995 
R-Squared .348 .002 
***p <= .000  

Figure 5. Which strategy removed more flow after 100 
edge deletions? 
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(p<0.000) when the iteration of the model is held constant (see model 2, Table 2). This makes 

sense given that the bottleneck strategy focuses on edges whose removal assures traffic cannot be 

rerouted, mathematically guaranteeing at least some loss of total system-wide flow at each 

iteration. It is important to note, however, that the reduction in flow is small (often less than 1%). 

Indeed, it is highly unlikely that any strategy would result in very large reductions with a very 

small number of edge removals.  

Figure 6 shows the cumulative effect of the bottleneck strategy over the 100 iterations. If 

I were to stop the model at any point in the process, the bottleneck strategy would have removed 

more network flow than the hot spot strategy. However, the graph demonstrates that there is 

variation in the effect of strategy on flow removal across iterations. As the number of iterations 

increase, the hot spot strategy begins to pick up steam. 

 

When I include the interactive effect between strategy and iteration in the regression 

model (see Table 3), the hot spot strategy begins to close the gap. Indeed, iteration matters. 

Overall, the two strategies are able to remove less network flow as the number of iterations 

increases. However, the interactive term between strategy and iteration indicates that the hot spot 
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strategy becomes more successful at reducing network flow relative to the bottleneck strategy as 

the iteration of the model increases.  

 

 

 

 

 

 

 

 

 

 

 

This is clearly demonstrated in the marginal effects plot in Figure 7. At first, the marginal 

effect of the hot spot strategy on decrease in network flow is negative, but gradually becomes 

positive as iterations increase. This means that the hot spot strategy is less successful at 

decreasing network flow than the bottleneck strategy at the early iterations, but as time goes on it 

eventually becomes better at decreasing network flow than the bottleneck strategy. The box plot 

at Figure 8 demonstrates that as the iteration of the model increases by one iteration, the 

bottleneck strategy is marginally less successful than it was previously (reducing 0.003% less 

network flow than before) relative to the hot spot strategy, which reduces 0.002% more network 

flow with each additional iteration of the model. Taken together, my results show that the 

bottleneck strategy is clearly the more effective strategy. However, the interaction between the 

strategies and the iteration of the model suggests that it is possible that the hot spot strategy could 

potentially catch up to or even pass the cumulative effect of the bottleneck strategy at some point 

Table 3. Interactive Effect of Strategy and Iteration on 
Decrease in Network Flow 
Strategy -.271* 

(.010) 

Iteration -.003* 
(.000) 

Strategy * 
Iteration 

.005* 
(.001) 

Constant .429* 
(.009) 

N 19800 

R-Squared .031 

*p <= .01, two-tailed robust standard errors in parenthesis 
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well beyond 100 iterations, which means more than 100 edges would need to be removed from 

the system. 

 

 

To this point, I have focused exclusively on measuring the effectiveness of each strategy 

based on the amount of total network flow reduced with the removal of each edge.  An alternative 

is to consider the efficiency of each strategy. Efficiency (equation 4) considers the flow along 
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each specific edge and asks, if the edge is removed, what percentage of the flow along that edge 

is lost (i.e., cannot be re-routed)? It is quite possible that a strategy that maximally reduces total 

network flow is not necessarily efficiently doing so.  

I formally define efficiency as follows: 

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =  !"!! !"!!!
!!"

      [4] 

where 𝑇𝐹! is the total flow before edge ij is removed, and 𝑇𝐹!!! is the total flow after edge ij is 

removed, and 𝑓!" is the flow along the edge ij at time t.  

Removing edges selected by the bottleneck strategy is on average more efficient than 

doing so with hot spot targeting (see Figure 9). On average, the hot spot strategy removes 9.3% of 

the flow along the deleted edge. That means 90.7% is re-routed. In contrast, the bottleneck 

strategy removes 52.7%, allowing only 47.3% of the flow along the targeted edge to be re-routed 

in the system. The results of a regression model (see Table 4) indicate that the bottleneck strategy 

removes an additional 43.4% more of the flow along the edge it selects for deletion (p<0.000), 

holding the iteration of the model constant. For each iteration, the percent of flow along the edge 

removed that cannot be re-routed along some other edge is significantly greater for the bottleneck 

strategy. In contrast, targeting hot spots allows traffickers to re-route a greater proportion of 

victims from deleted edges. Thus, the bottleneck strategy is not only more effective than hot spot 

targeting, but it is more efficient. 
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It is important to note that the edges selected for removal by the hot spot strategy have on 

average four times more flow than those selected by the bottleneck strategy. Thus, the bottleneck 

strategy targets a smaller volume of flow, but it is more effective and efficient in removing total 

network flow. Moreover, the bottleneck strategy is more predictable. For it, there is a high degree 

of correlation (91%) between the amount of flow along an edge targeted and the amount of flow 

that is ultimately removed from the network. Thus, the higher the volume of flow along the edge 

Table 4. Comparing the Efficiency of the Strategies 
Strategy -.434*** 

(.003) 
Iteration -.001*** 

(.000) 
Constant .560*** 

(.004) 
N 19799 
R-Squared .443 
***p <= .000 
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selected for removal, the higher the resulting reduction in the total flow of the network. There is 

no similar correlation for the hot spot strategy (-54%).  

 Finally, there is an interesting pattern regarding the countries that are most likely to be 

associated with the edges targeted by each strategy. The frequency with which each strategy 

selects a given country follows a clear power law; some countries are far more likely to be 

selected than others. For example, the bottleneck strategy selects Romania most often on the 

sending end of an i-j pair, and Saudi Arabia on the receiving end of an i-j pair. It selects both 

countries twice as often as the next most frequently selected countries in these categories and 

virtually ten times as often as three-fourths of the countries in the globe. The same pattern holds 

for the hot spot strategy, where Russia dominates on the sending end and Indonesia on the 

receiving end of all i-j pairs. Moreover, almost 40% of the time an edge selected for removal by 

the hot spot strategy includes Russia, Indonesia, Greece, Brazil, Saudi Arabia, the Democratic 

Republic of the Congo, Ecuador, Italy, or the Philippines. All but one of these (the Philippines) is 

a top-ten transit or destination country, and the Philippines is a top-ten source. This is not the case 

for the bottleneck strategy. (For example, Romania is not a top-ten source, destination, or transit 

country.)  

An interesting question outside of the scope of this paper is why some countries that are 

significant source, destination, or transits in the international system are not selected frequently 

by either strategy. These countries include China, Turkey, and Pakistan.  Future research might 

consider why their structural positioning makes them a major source, destination, or transit 

country, but it does not render them likely to be selected for removal by either strategy. 

 

Conclusions 

I have presented a framework of transnational trafficking that includes transits as a 

structurally important component. In this model, the bottleneck strategy is more effective and 

efficient for reducing overall global human trafficking flows than targeting hot spots. While I do 
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not address what policies might be most useful, my results show the most effective approach is to 

focus on reducing the resiliency of trafficking networks by constraining the links upon which 

traffickers most often rely as back-up paths to the common routes. When actors in these parts of 

the chain of trafficking networks are constrained, regardless of the activity in which they are 

involved, the network does not possess the infrastructure necessary to re-route the victims. In 

contrast, when hubs are targeted through policy or enforcement activity, the result is minimized 

by the fact that traffickers have at their disposal a wide and dense variety of means for 

facilitating, coordinating, and transporting victims. This owes to the agglomeration effects 

associated with the migration industry. For example, the political and economic environment in 

Moscow results in traffickers and smugglers having available to them a plethora of actors 

possessing a wide variety of skills and a dense set of regional and global contacts. Constraining 

any particular group, method, or capability has little effect since substitution is almost 

immediately available.  

Moreover, in my estimation, the bottleneck strategy is more practical. Given that the parts 

of the network selected for removal by the bottleneck strategy have significantly less flow than 

those selected by hot spot targeting, they are likely to be easier for countries and international 

agencies to constrain with policy or enforcement activity. The number of actors and the diversity 

of activities are fewer in number. Thus, attempting to constrain bottleneck edges avoids having to 

deal with some of the world’s most heavily travelled trafficking patterns that are hubs for the 

migration industry. Moreover, it may mean dealing with less corrupt countries where aid and 

assistance are more effective policy tools.  

The findings also argue that if the goal is to maximize the return on investment to reduce 

the resources necessary to actually constrain trafficking along a given geographical pathway, then 

the bottleneck strategy is always the proper choice. This is all the more the case given that a path 

is constrained, or removed, only when the efforts have altered the cost-benefit analysis of 
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traffickers substantially enough to incentivize them to re-route victims. The paths identified by 

the bottleneck strategy make this easier to accomplish. 

While the findings suggest that the bottleneck strategy is a better heuristic for 

deconstructing the network than the hot spot strategy, I have not argued that it results in the 

absolute best outcome. To guarantee such an outcome, I might construct an algorithm that 

continuously sifts through all possible permutations of edge deletions and selects the sequence 

that maximizes the flow removed from the network. I might then test the results of the bottleneck 

strategy against the results from such an algorithm to determine how optimal the strategy is. 

Furthermore, the strategy focuses on removing edges sequentially and is therefore somewhat 

myopic. While a superior approach might be to take out multiple edges simultaneously in “shock 

and awe” fashion, developing and testing such an algorithm is not within the purview of this 

paper. Moreover, focusing on one edge removal at a time may be the only practical approach 

available to international agencies given their budget and manpower constraints.  

My contribution lies in the development of a holistic theoretical model of the 

international human trafficking system and the strategy that I put forward for disassembling that 

system. Since the routing likelihood factor only allows a country to be either a source or a 

destination, the model likely biases against regional trafficking flows. Thus, a country such as 

Thailand that acts as a regional destination but is a net source country at the international level is 

treated purely as a source country. Further studies are necessary to assess how accurate my 

representation of the system is. Given the argument of many that routes used by criminal 

networks often overlap, I might compare my model to documented cases of routes used by 

networks involved in smuggling, the drug trade, and arms transfers. In either event, validity 

testing will require more reliable data on human trafficking at the international level, which 

scholars recognize as a major challenge facing the field. Because of these data limitations, I am 

cautious about the degree to which my conclusions are valid. Nonetheless, despite the absence of 

data, my representation of the international system appears to be in line with general expectations, 
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suggesting that migration, trade, and corruption play an important role in the transit of victims to 

their destinations.  

I also note that my model highlights the role of transit countries. While there are many 

studies looking at the major routes of trafficking in a given country or region, there is surprisingly 

little research on the role of transits. The focus on push-pull factors, which provides a powerful 

tool for understanding the dynamic linking source and destination countries, does not allow for an 

in-depth consideration of transit countries. I contend that transits are not explained by geographic 

proximity alone, since evidence shows that traffickers often make use of complex and circuitous 

routes (Schloenhardt 1999; Salt and Stein 1997; Vayrynen 2005).  

Given that flow acts as a placeholder for victims in the model, it might be tempting to 

extrapolate from country and regional level data on trafficking to estimate flows throughout the 

entire system. Indeed, I did a bit of this in an effort to provide some validation of the model when 

I found a high degree of correlation between the estimated flows and those resulting from the 

Pennington et al. survey results. However, given the well-documented concerns with macro-level 

estimations based on little data,10 I think it advisable not to pursue such an effort at this juncture. 

Rather, given what the model might be able to do with more reliable data, I am keen to turn our 

attention to developing such data. Indeed, without them in whole or in part, I recognize the 

limitations of all research on human trafficking. I therefore agree with the community consensus 

that a priority needs to be placed on acquiring and developing reliable data and data sources.  

One particularly important small step towards better data, not only for validating but also 

for informing the development of the model, would be a more accurate identification of source-

destination pairs. For example, the U.S. State Department TIP report states that there are over 

seventy source countries for victims coming into the United States. As I previously discussed, my 

methodology requires that the TIP report explicitly identify all seventy countries by name. Partly 

to deal with this problem of under-specification, I incorporated a 5% probability that source-
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destination pairs were missing. What is needed is either a more descriptive TIP report, or an 

exhaustive textual analysis of all existing qualitative reports, or some combination thereof.  

 Finally, I note that this paper identifies the edges that need to be targeted to most 

effectively and efficiently reduce human trafficking. A natural next step is to address how to 

actually constrain trafficking on an edge. Are there certain policies domestically, regionally, and 

internationally that would be most effective in reducing trafficking flows? Moreover, what is the 

cost, or difficulty, associated with implementing a given policy? I expect there will be variation 

across cultures, countries, and regions in the cost of implementing a policy. Similar to identifying 

the most effective targeting strategy for disrupting trafficking, these policy questions will require 

a sustained, systemic look. Incorporating such an analysis into my model is necessary for it to 

have more meaningful real world applications.  
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Endnotes 

1 See Danailova-Trainor and Laczko (2010) for a review of this literature. 

2 See Cho (2014) for an excellent overview of the literature on push-pull factors. A more in-depth 

consideration is available in Danailova-Trainor and Laczko (2010). 

3 See Everton (2012) for a discussion of SNA methods for disrupting illicit networks.  

4 See Kilduff and Brass (2010) for a review of this literature. 

5 See, for example, Pearson and Hobbs (2001) and Morselli (2009) on the resiliency of drug 

trafficking networks and Icduygu and Toktas (2002) on the resiliency of human smuggling 

networks.  

6 See UNODC Global Report on Trafficking in Persons 2014, available at: 

https://www.unodc.org/documents/data-and-analysis/glotip/GLOTIP_2014_full_report.pdf. 

7 Akee, Basu, Bedi, and Chau (2007) and Cho (2015) make use of the TIP report country 

narratives to classify countries according to their role in the transnational trafficking system. 

8 I calculate the total flow, 𝐹 𝑠,𝑑 , for each s, where s is Belarus, Bulgaria, Moldova, Romania, 

or Ukraine. 

9 The UNODC Trafficking in Persons: Global Patterns report for 2006 published a list of origin, 

destination, and transit countries.  

10 See Weitzer (2014) for a prescient critique of this approach.		


