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ABSTRACT 

Trafficking in persons, or human trafficking, is an international phenomenon that 
has received increasing attention from scholars. This study uses bilateral human 
trafficking data to test whether or not relative deprivation is a better explanatory factor of 
the likelihood of country-to-country human trafficking connections than simply using 
individual country scores. I use five indicators that measure development, economic 
health, and political health across 183 countries in the international system. These 
indicators have been broadly used in the literature to provide explanation for other 
societal problems like crime, political conflict, and shadow economies. Deprivation 
scores are calculated for each country-pair using these five indicators. I compare raw 
scores and deprivation scores using social network analysis and temporal exponential 
random graph models (TERGM) methodology. I find that each group of indicators – 
development, economic health, or political health – features both significant raw scores 
and significant relative deprivation terms. Furthermore, both raw score terms and relative 
deprivation terms mainly remain significant in models including both raw scores and 
inequality scores. While further questions exist within this vein of research, the 
international community might opt to take either a rising tide approach – raising indicator 
scores in all countries – or an equality promotion approach – minimizing inequality 
between pairs of countries – to combat the flow of global human trafficking. Both raw 
scores and relative deprivation scores are significant indicators of international human 
trafficking connections and goodness of fit measures do not clearly establish whether raw 
scores or deprivation scores are better indicators.  
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Trafficking in persons, or human trafficking, is an international phenomenon that 

has received increasing attention from scholars. Studies that attempt to explain how 

human trafficking works internationally typically posit a fairly rudimentary push-pull 

model in which victims move from large vulnerable populations in source countries to 

wealthy destination countries where demand for trafficking victims is high. Push factors, 

or factors that produce large vulnerable populations, include low overall development, 

low income, high unemployment, and absence of political rights. Pull factors, or the 

factors creating large demand for trafficking victims, are typically the opposite of push 

factors such as high disposable income or a shortage of domestic labor (e.g., Wheaton et 

al. 2010; Mahmoud and Trebesch 2010; McGregor Perry and McEwing 2013).  

In essence, the push-pull model argues that countries with lower development, 

economic health, and political health – those with high levels of push factors – are source 

countries and countries with higher development, economic health and political health – 

high levels of pull factors –are destination countries. However, there is a body of 

literature that contends the simple push-pull model is not the best way to explain how the 

international human trafficking system is structured. This body of literature argues 

instead that relative deprivation – be it inequality in development, economic health, and 

political health – more accurately explains international human trafficking. Rather than 

the absolute value of an indicator itself, is the degree to which two countries differ in 

socio-economic terms better able to explain whether traffic will flow between them? In 

other words, relative deprivation theory holds that the difference between two countries 

on some indicator is a better predictor than simply looking at the score of an indicator in 

a single country. In so doing, it focuses on explaining the direction and amount of human 
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trafficking between two countries rather than establishing whether an individual country 

is in general more likely to be a source or destination.  

I hypothesize relative deprivation between two countries in a given dyad, also 

referred to as inequality in this study, is a better predictor than individual, country scores. 

In other words, while low development, high unemployment, or low personal income 

might create vulnerable populations prone to trafficking, this alone cannot explain the 

likelihood a country is a trafficking source country. In the same light, just as high levels 

of personal income or domestic labor scarcity may explain high levels of demand, they 

cannot explain the likelihood that the country is a trafficking destination country. Simply 

looking at the value of an indicator – be it a measure of development, economic factors, 

or political freedom factors – does not explain why human trafficking victims sometimes 

come from mid- to highly-developed countries. Similarly, raw values of indicators cannot 

explain why victims are found in mid- to low-developed countries that do not exhibit the 

same level of development or economic indicators as the stereotypical destination 

country.  

This study posits that relative deprivation helps explain these anomalies: as 

inequality on some indicator increases between two countries, the likelihood of human 

trafficking between them increases, regardless of the raw score on the same indicator in 

each individual country. The study contributes to the literature on human trafficking in 

three primary ways. First, the investigation contributes to a relatively sparse literature on 

human trafficking by examining a global, systemic question across multiple years.  

Second, the investigation applies a more complex push-pull model through the use of 

relative deprivation theory that is not modeled extensively in the human trafficking 
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literature. Finally, the study contributes to both human trafficking literature and relative 

deprivation literature through the use of social network analysis. This methodology 

allows for the use of bilateral data without violating the independence assumption of 

ordinary least squares regression. 

I use data from the US State Department Traffic in Persons (TIP) report to 

construct matrices indicating the presence of human trafficking flows between countries. 

These data are represented in the form of 183x183 matrices, where a cell value of “1” 

indicates a human trafficking connection between two countries. Using bilateral data 

provides an added layer of analysis that easily allows visualization of a system in a 

network format. To my knowledge, studies of international inequality have not utilized 

data operationalized in this manner. 

I use five common socioeconomic and political indicators as a measure of 

inequality: the United Nations’ Human Development Index (HDI), gross national income 

per capita adjusted for purchasing power parity (World Bank 2016), the unemployment 

rate (ILO 2016), Polity IV’s (Marshall et al., 2015) Polity score, and the Freedom House 

(2016) Political Rights and Civil Liberties scores (PRCL). These are factors that are 

known to have an effect on many forms of illicit activity in some way (McGregor Perry 

and Ewing 2013; Bahmani-Oskooee and Goswami 2005; Mauro 1995; Michaely 1954; 

Schneider and Enste 2000; Mahmoud and Trebesch 2010; Wheaton et al. 2010; 

Crenshaw 1981; Makarenko 2004; Williams and Godson 2002). These indicators are the 

independent variables of interest across three groups of models. The first group of models 

tests the impact of development, measured by HDI, on the likelihood of human 

trafficking connections. A higher HDI score indicates higher development. The second 
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group tests the impact of economic health, measured by GNI per capita and 

unemployment, on the likelihood of human trafficking connections. Higher GNI per 

capita and lower total unemployment indicates higher economic health. Finally, the third 

group of models tests the impact of political health, as measured by the Polity and 

Political Rights and Civil Liberties scores, on the likelihood of human trafficking 

connections.  A higher Polity score and a lower political rights and civil liberties score 

indicates a higher political health score. Due to endogeneity concerns, these two factors 

are modeled separately.  

Each group of indicators – development, economic health, and political health – 

will be tested as the primary independent variable(s) in three different models. First, the 

raw score of the indicator(s) will be modeled. For example, does simply having a low 

HDI or GNI per capita score explain a higher likelihood of a human trafficking 

connection between two countries? The second model will use the inequality score (the 

difference between two countries, normalized on a 0 to 1 scale). This model intends to 

discern whether an increase in inequality in development, economic health, or political 

health between two countries explains a higher likelihood of human trafficking between 

the two countries. Finally, the third model will test both the raw score and the inequality 

score to determine if either measure is significant in the presence of the other. I offer the 

following hypothesis: As the deprivation between any two countries increases – in 

measures of development, economic health, or political health – the likelihood of a 

human trafficking connection between the two countries increases.  

This study employs temporal exponential random graph models (TERGM), which 

allows for analysis of bilateral, or network, dependent variables with output interpreted 
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analogously to logistic regression. TERGM allows a researcher to identify the causal 

factors of bilateral relationships. It also enables the researcher to calculate and use 

inequality scores between each actor in the dataset, rather than an aggregate global 

deprivation score frequently used in inequality studies. Thus, rather than drawing 

conclusions based on a state’s inequality relative to the world as a whole, conclusions can 

be drawn based on a state’s inequality relative to another specific country. In other words, 

global deprivation scores necessary in more traditional regression techniques speak more 

to an average level of inequality across the globe, but individual inequality scores allow 

the same country to be both “deprived” when compared to one country and more 

“advantaged” when compared to another.  

The structure of the remainder of the study is as follows. First, I outline WG 

Runciman’s theory of relative deprivation and argue that development, economic health, 

and political health are likely dimensions along which increasing differences between 

states result in human trafficking between those states. These indicators have been 

broadly used in the literature to provide explanation for other societal problems like 

crime, political conflict, and shadow economies.  Following a description of the data and 

data sources, I discuss how the data are operationalized using a deprivation score, which 

is the normalized difference between two countries on one of the indicators of interest. I 

then discuss how the raw indicator scores, deprivation scores, and a suite of control 

variables are modeled using Temporal Exponential Random Graph Models. I find that 

each group of indicators – development, economic health, or political health – features 

both significant raw scores and significant relative deprivation terms. Furthermore, both 

raw score terms and relative deprivation terms mainly remain significant in models 
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including both raw scores and inequality scores. After the presentation and discussion of 

the results, I suggest that while further questions exist within this vein of research, the 

international community might opt to take either a rising tide approach – raising indicator 

scores in all countries – or an equality promotion approach – minimizing inequality 

between pairs of countries – to combat the flow of global human trafficking. Finally, I 

conclude that both raw scores and relative deprivation scores are significant indicators of 

international human trafficking connections and that goodness of fit measures do not 

clearly establish whether raw scores or deprivation scores are better indicators.  

Theory and Hypotheses 

The notion of relative deprivation was initially formulated as an approach to be 

used at the individual level of analysis rather than a country-to-country level of analysis. 

In other words, the theory discusses how individuals or groups within a country feel 

deprived relative to other individuals or groups rather than the relations between states 

that are deprived of some factor relative to other countries. Relative deprivation is 

therefore often used in intra-country studies of inequality. However, many of the same 

notions of “individual” relative deprivation are also present when examining inequality at 

the state level.  

Many studies offer theoretical formula of relative deprivation or inequality, 

resting on the relativity concepts introduced in the seminal works of WG Runciman 

(“Relative Deprivation and Social Justice,” 1966) and Ted Gurr (Why Men Rebel, 1970). 

For the purposes of this study, I will use the terms “relative deprivation” and “inequality” 

interchangeably relying on Runciman’s definition of relative deprivation:  
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“We can roughly say that [a person] is relatively deprived of X when 1) he 

does not have X, 2) he sees some other person or persons, which may 

include himself at some previous or expected time as having X (whether 

or not this is or will be in fact the case), 3) he wants X, and 4) he sees it as 

feasible that he should have X” (Runciman 1966).  

Empirical work uses this theory of relative deprivation across a multitude of 

subject areas, from migration to political conflict. Each piece uses the theory at a 

different level of analysis. Many study internal relative deprivation, or the effect of 

deprivation on individuals or groups of individuals within a country. Others take a similar 

approach as this study and use deprivation as a guide to studying differences between 

countries. The following examples from the literature do not directly address how 

inequality affects international human trafficking, but provide examples of how 

inequality and relative deprivation have been used to explain political problems – like 

political conflict – or explain how people or goods move between countries. 

 A study of global migration (Czaika and Haas 2012) investigates the role of both 

internal and international deprivation on the propensity for people to migrate 

internationally. While internal deprivation is beyond the scope of this study, Czaika and 

Haas’s model and conclusions regarding international deprivation are very helpful. The 

Czaika and Haas study tests both deprivation as well as “absolute deprivation,” or the raw 

score of an indicator. Their paper also controls for factors like distance and contiguity, 

which are important control variables when modeling the movement of people or goods. 

They conclude that international deprivation presents ambiguous results, suggesting that 

a nonlinear relationship exists between inequality and propensity of migration.  
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Ostby, Nordas, and Rod (2009) study the effect of both relative and absolute 

inequality in a variety of indicators between and within states on conflict in sub-Saharan 

Africa; they find support for both measures of inequality in different contexts. Multiple 

other empirical studies also test the effect of inequality against raw indicator scores on a 

range of socioeconomic and political phenomena. Mark Irving Lichbach (1989) discusses 

how inequality affects political conflict. Marie L. Bensancon (2005) tests for a causal 

relationship between economic inequality and three types of civil conflict – ethnic wars, 

revolutions, and genocides. Angus Deaton (2003) offers a theoretical and descriptive 

outline of income inequality and its affect on health. Akhtar Majeed (1979) offers a 

theoretical discussion of the difference between inequality and relative inequality and the 

effect on political behavior in general. Bishop, Chakraborti, and Thistle (1991) offer an of 

Gini-based welfare indices to compare relative deprivation and economic welfare. Stark 

and Yitzhaki (1988) use relative income inequality to explain labor migration and Walter 

Korpi (1974) outlines a theory of how conflict, power, and relative deprivation interact. 

In summary, studies have been extensively conducted testing the effect of relative 

deprivation on a variety of socioeconomic and political phenomena. One will note, 

however, that most of the studies cited here examine inequality and its effect within a 

state. To use relative deprivation theory for a study of the effect of inequality between 

states, some adjustments to the standard definition of relative deprivation must be made.  

In order to conduct a study at the country-level, one must clearly define how 

Runciman’s theory translates to the international system as Runciman outlines his theory 

of relative deprivation from the perspective of an individual. Country-level data 

necessarily describes the general attributes of an entire country. To migrate the definition 
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from individual-focused to country-focused, I redefine the scope of Runciman’s 

definition as follows. First, the actor of interest is not an individual but a country. Second, 

countries compare themselves to other countries in the international system, which 

produces deprivation. Countries “see” that other countries have higher average personal 

income or lower unemployment rates and “feel” deprived relative to those other 

countries. Third, countries seek to achieve what other countries have achieved. And 

finally, countries “believe” it as possible to achieve what other countries have achieved. 

While words like “see,” “feel,” and “believe” are not hard to define at an 

individual level, it is much more difficult to illustrate how or why a country might “see,” 

“feel,” or “believe” something. Therefore, I make several assumptions that allow this 

theory to be fully converted to a country-level analysis. First, I examine inequality 

between states in human development, economic health, and political health. Any degree 

of inequality between two states indicates deprivation. Second, I assume that citizens in a 

state deprived relative to another in one of these measures wishes to live in a country with 

higher development and better economic and political health. Therefore, countries seek to 

mitigate the deprivation between itself and a peer. Finally, I assume for the sake of 

simplicity that it is possible for citizens of any deprived country to reside in a country 

with higher development and economic and political health via migration or, 

theoretically, by implementing policy changes in their home country. In practice, this 

final assumption means that I do not restrict relationships between countries; it is feasible 

to mitigate deprivation between any two countries in the international system. 

The theory of relative deprivation in the context of international human 

trafficking becomes more clear and robust when used in conjunction with theory from 
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empirical international development literature. The indicators chosen for this study are 

commonly used across similar studies to explain variation in development, prevalence of 

conflict or transnational crime, and many other similar socioeconomic and political 

phenomena. Just as with relative deprivation-specific literature, some studies use these 

indicators in studies within countries while others look at international issues. Within 

international development literature, the seminal work of Hernando de Soto (The Other 

Path; 1989) connects the notion of relative deprivation – without specifically citing the 

theory – to the prevalence of societal problems like crime, conflict, or the shadow 

economy. Essentially, de Soto argues that for society to progress and the likelihood of 

detrimental forces like conflict or crime to decrease, the opportunity for involvement in 

formal societal institutions, be they economic or political, must be present. De Soto uses 

Peru as an example of how inaccessible formal institutions arise from inequities within 

society in areas such as income or regulation that cannot be easily navigated by the entire 

population. Inaccessible formal institutions create a growing informal economy as 

individuals who are deprived of income face unequal regulatory burdens turn toward 

other, informal institutions.  

Other authors have used the shadow economy argument made by de Soto, or 

similar arguments, to explain the emergence of criminal activities, such as terrorism, 

narcotics trafficking, and human trafficking. Most commonly, burdensome regulation and 

corrupt, opaque political institutions restrict opportunity and lead to the rise of informal 

economic practices, or in extreme cases, the rise of entirely criminal organizations. These 

common factors are addressed in some fashion across a wide range of specific topics in 

the literature (e.g., McGregor Perry and Ewing 2013; Bahmani-Oskooee and Goswami 
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2005; Mauro 1995; Michaely 1954; Schneider and Enste 2000; Mahmoud and Trebesch 

2010; Wheaton et al. 2010; Crenshaw 1981; Makarenko 2004; Williams and Godson 

2002). Each study typically focuses on a unique factor that makes formal institutions 

inaccessible. In the case of human trafficking studies often cite specific supply or demand 

factors (Wheaton et al. 2010), specific health or educational factors, such as density of 

physicians or trafficking awareness levels (Mahmoud and Trebesch 2010), or extremely 

specific, difficult to measure information such as “culture” or “virginity” (McGregor 

Perry and McEwing 2013).  

This study uses the common indicators identified as key causal factors of societal 

problems like crime, terrorism, and political conflict and applies them to the international 

system. In the international system, deprivation between countries on these indictors 

leads to a higher likelihood that an detrimental informal institution exists – in this case, 

international human trafficking. I use the theory of relative deprivation with adjusted 

terms to fit an international study in conjunction with the wealth of literature from de 

Soto and others which supports using human development factors, economic health 

factors, and political health factors as explanatory variables in the emergence of illicit 

activities or underground economic transactions. The use of the formal theory of relative 

deprivation and empirical support for the five indicators of interest in this study produce 

my primary hypothesis:  as the deprivation between any two countries increases – in 

measures of development, economic health, or political health – the likelihood of a 

human trafficking connection between the two countries increases. 
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Data 

 In this study, I test for the effect of the five primary indicators of interest on the 

likelihood a human trafficking connection exists between two countries. I control for 

perceived corruption in each country, the distance between two countries, whether or not 

two countries share a border, and total migration between two countries. The dependent 

variable of interest is human trafficking connections, which are coded using the US State 

Department’s Traffic in Persons Report for years 2001 through 2015. However, due to 

data availability in other indicators at the time of this writing, only years 2001 through 

2013 are used in the study. Each year is represented as a binary matrix including 183 

countries. Traffic in Persons Report documents the country of origin of trafficking 

victims that are identified in country. For example, if a victim from Nigeria was found in 

the United States, Nigeria-United States would receive a value of “1.” It is important to 

note that this is not a continuous variable – at this point of the project, information on the 

total flow of victims in absolute numbers is not available from a reliable source.  

 The independent variables of interest are the five indicators that encompass 

development, economic health, and political health. The Human Development Index 

(HDI) was created and is calculated by the United Nations Development Programme. 

HDI is an index on a range from 0 to 1 indicating the overall level of development in 

each country for each year of the study. Its components are health, as measured by life 

expectancy; knowledge, as measured by mean and expected years of schooling; and 

income, as measured by gross national income per capita. Each of these four indicators is 

then defined as a dimensional index (actual value-minimum value)/(maximum-minimum) 

and the final HDI index is the geometric mean of these indices (United Nations 
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Development Programme 2016). HDI scores closer to a value of 1 indicate a higher level 

of overall development. Across all years, the minimum HDI score is 0.258 (Sierra Leone, 

2001) and the maximum is 0.971 (Norway, 2009). The median is 0.741 (Brazil, 2011) 

and the mean is 0.699. 

 Economic health is modeled using gross national income per capita and the total 

unemployment rate. The World Bank provides GNI per capita data for each year of the 

study. These are continuous data represented in constant 2011 United States dollars that 

are also adjusted for purchasing power parity (World Bank 2016). As is common with 

economic data of this nature, the GNI data are not normally distributed. To account for 

this problem, I use a Box-Cox transformation test to determine the distribution of the 

variable and appropriate transformation technique to adjust GNI per capita data to a 

standard normal distribution. In this case, the GNI per capita data are transformed with 

the natural log. Across all years, the minimum (non-transformed) GNI per capita value is 

$328.95 (Liberia, 2003) and the maximum is $126,638.57 (Qatar, 2013). The median is 

$9,721.38 (Albania, 2012) and the mean is $15,871.60. 

The International Labor Organization provides total unemployment rate data for 

each country across each year of the study. The total unemployment rate, as measured by 

the ILO, is the proportion of unemployed persons to the size of the labor force (ILO 

2016). A Box-Cox transformation test is also conducted on this indicator and the data are 

transformed using the fourth root of all observations. The lowest (non-transformed) 

unemployment rate across all years is 0.10% (Cambodia, 2009) while the maximum is 

38.60% (Lesotho, 2003). The median unemployment rate is 7.10% (many countries) and 

the average unemployment rate is 8.70%.  
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 Political health is modeled using a political rights and civil liberties score and the 

polity score. As mentioned previously, the two indicators are modeled separately due to 

endogeneity concerns. Freedom House provides rankings of political rights and civil 

liberties (PRCL), which both fall on a categorical scale from 1 to 7. The two scales are 

combined for a final categorical scale from 2 to 14. The political rights score is assigned 

by a team of experts and takes into account the electoral process, political pluralism and 

participation, and functioning of government of a country. A score of 1 indicates the 

greatest degree of freedom while a score of 7 indicates the smallest degree of freedom. 

The civil liberties score is also assembled by a team of exports based on the freedom of 

expression and belief, associational and organizational rights, rule of law, and personal 

autonomy and individual rights of a country. Like the political rights score, a value of 1 

indicates the highest degree of freedom while a score of 7 indicates the lowest degree of 

freedom. Therefore, for this study, a score of 2 indicates the highest total degree of 

freedom possible while a score of 14 indicates the lowest total degree of freedom possible 

(Freedom House 2016). The lowest PRCL value is indeed 2 indicating the highest degree 

of freedom and the maximum is indeed 14, indicating the lowest total degree of freedom. 

The median PRCL score is 6 and the mean PRCL score is 6.85. 

 The Polity IV score is technically the “Revised Polity Score” provided by the 

Polity IV project and captures the degree to which democracy or autocracy is 

institutionalized in a country. The score is provided for each country across all years of 

the study and falls on a range of -10 to 10. A score of 10 represents the strongest 

institutional democratic score while a score of -10 indicates the strongest institutional 

autocratic score. Any cases of “foreign interruption” are denoted as missing data and 
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periods of “interregnum or anarchy” are denoted as a neutral polity score of 0 (Marshall 

et al. 2015). Across all years, the minimum Polity Score is -10 and the maximum Polity 

Score is 10. The median Polity Score is 6 and the mean polity score is 3.71.  

 To measure a simple, existing international structure in an attempt to clearly 

distinguish any significant effects of the variables of interest, a suite of control variables 

are also included in the models, much like the Czaika and Haas study mentioned above. 

First, bilateral trade and migration flows are considered. When operationalizing the 

models, including the trade variable produces computational singularity, a computational 

error indicating high correlation with the dependent variable. Therefore, trade is omitted 

from the model. Bilateral migration flows are included and represent the total migrant 

stock between two countries for each country in 1990, 2000, 2010, and 2013 (UN 

Department of Economic and Social Affairs 2016). Missing years have been imputed 

using rolling averages. The original data are provided by the United Nations. 

 As noted in the previous section, corruption also plays a major role in the 

emergence of shadow economies and criminal organizations. Therefore, the level of 

corruption for each country is included. Transparency International (2016) publishes the 

corruption perceptions index that indicates the level of perceived corruption for each year 

of the study. The data have all been normalized to on a 0 to 100 scale with scores closer 

to 0 indicting higher levels of corruption and scores closer to 100 indicating higher levels 

of transparency. 

 Finally, two measures of geographic constraints are also included in each model. 

Both measures are provided by the French Centre d'Etudes Prospectives et 

d'Informations Internationales (CEPII; Institute for Research on the International 
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Economy; Mayer and Zignago 2011). First, a simple binary contiguity matrix is included 

that indicates whether or not two countries share a border. Because borders do not 

perfectly represent the spatial distribution of states in the international system – for 

example, China and Russia share a border, though the population centers of both 

countries are quite distant – a second matrix including the distance between each 

country’s “most important city” or “agglomeration” is also included in the model. These 

bilateral distances between each of the 183 countries in the dataset and are intended to 

represent the distance between the economic centers of two countries. In all but 13 

countries, the capital city is considered the economic center. In these 13 countries, the 

capital is not considered to be populated enough to be the economic center and a different 

city or agglomeration is used. (Note: these countries are: South Africa, Germany, 

Australia, Benin, Bolivia, Brazil, Canada, Cote d’Ivoire, United States, Kazakhstan, 

Nigeria, Tanzania, and Turkey) (Mayer and Zignago 2011). 

 Descriptive statistics can be found for each non-bilateral indicator raw score in 

Table 1 below. The statistics found in Table 1 are for variables before transformations 

were performed. Descriptive statistics for each human trafficking network are also 

provided – these statistics merit further discussion and will be introduced in the following 

section.  

Table 1. Raw Score Summary Statistics 
 Min. 1Q Median 3Q Max. Std. Dev. Mean 
Corruption 4 25 34 53 99 21.38 41.31 
HDI 0.258 0.547 0.741 0.831 0.971 0.173 0.699 
GNI per Capita 328.95 3,203.66 9,721.38 22,160.60 126,638.57 17,606.26 15,871.60 
Unemployment 0.10 4.50 7.10 10.70 38.60 6.20 8.70 
Polity Score -10 -2 6 9 10 6.39 3.71 
PRCL 2 3 6 11 14 3.91 6.85 
 



17 

Methods: Operationalization of Independent Variables 

As mentioned in the introduction, I test three models using development, 

economic health, and political health factors. Two representations of the indicators are 

used in this study: the standardized raw score and the deprivation score. The standardized 

raw score is simply the value standardized, when applicable, using the results of the Box-

Cox transformation tests that are described in the Data section above. The deprivation 

score is slightly more complicated.  

Numerous authors have proposed formal indices of inequality. The indices 

offered by Silber and Verme (2012), Cowell (2005), Paul (1991), Stark and Taylor 

(1991), Cakravarty and Chakraborty (1984), Panning (1983), and Yitzhaki (1981 and 

1979) approach the issue of inequality and deprivation in slightly different ways, though 

each index generally includes a couple of similar characteristics. In general, each formal 

index includes a deprivation calculation, which is the simple difference in scores between 

two actors, as well as an aggregation component. The aggregation component enables the 

index of relative deprivation to be utilized in standard regression techniques. Rather than 

recording an individual deprivation score for each pair of actors, the formal indices of 

relative deprivation introduced in the formal literature provide an overall deprivation 

score for each country using this aggregation component. 

 The methods employed in this study allow for each country-to-country pair to 

have its own deprivation score included in the model. TERGM methodology, which will 

be more fully described in the next section, allows for differences between countries to be 

modeled at a low computational cost. Therefore, there is no need to calculate a “global 

deprivation” or aggregated inequality score for each country. This allows for greater 
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variation and insight. For example, if I calculated a global deprivation score for Poland, 

one might conclude that Poland is not all that deprived relative to the rest of the world. 

However, while Poland may not be deprived relative to many developing nations, the 

inequality between it and the highest developed states such as the United States or the 

Scandinavian countries will not be captured as effectively in an aggregated deprivation 

score. Modeling deprivation or inequality scores in disaggregated, bilateral form also 

makes it easier to move away from the rudimentary push-pull model discussed in the 

previous pages.  The deprivation or inequality score is simply a normalized value of the 

difference between countries on some factor. However, only positive deprivation scores 

are used so as not to double count dyads. The deprivation factors thus measure the degree 

to which countries are deprived and with which other countries they are deprived. The 

deprivation score is calculated using the following formula:  

𝐷𝑆!" =

𝑥! − 𝑥!
𝑥!"# − 𝑥!"#

, 𝑥! − 𝑥! > 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, 

where DSij is the deprivation score of each ij country pair, xj is the value of that indicator 

for country j, xi  is the value of some indicator for country i, and the denominator is the 

range of all indicator values for the entire population.  

To be empirically meaningful, only one deprivation score per country pair can be 

used. Since “deprivation” is the motivation behind the theory described in this study, only 

positive inequality scores will be modeled. For example, imagine the relationship 

between the United States and Canada. On a given indicator “X,” the United States takes 

a value of 5 while Canada takes a value of 4. Without normalizing the calculation, it is 

clear that when the United States is the country of interest (country “i”), the inequality 
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score is -1 whereas when Canada is the country of interest, the inequality score is 1. It 

makes more logical sense to say that Canada is deprived in relation to the Untied States 

rather than say the United States is negatively deprived in relation to Canada. Hence, only 

positive inequality scores are included as independent variables. In social network 

analysis terms, the matrix of values becomes a directed network where out-connections 

represent relationships between deprived countries and the countries from which they are 

deprived. 

Methods: Social Network Analysis and Temporal Exponential Random Graph 

Models 

Broadly speaking, the bilateral data used in this study are most effectively 

represented as social networks. A complete description of the social network analysis 

methodology is beyond the scope of the current study. Stanley Wasserman and Katherine 

Faust (1994) offer a thorough introduction to the methodology in Social Network 

Analysis: Methods and Applications and the anthology “The Oxford Handbook of The 

Economics of Networks” (Bramoullé et al. 2016) offers a more contemporary overview 

of the methods and empirical applications. This study assumes the reader has a basic 

understanding of general network methodology. This section will more completely 

discuss temporal exponential random graph models (TERGM); TERGMs are the time-

series, network equivalent to traditional maximum-likelihood estimation (MLE) 

regression techniques and are interpreted in a similar manner as logistic regression.  

As the dependent variable – international human trafficking connections – is 

bilateral, it violates one of the primary assumptions of linear regression: independence of 

observations. Exponential random graph models (ERGM) allow for modeling 
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interdependent data (Cranmer and Desmarais 2010) and temporal exponential random 

graph models (TERGM) allow for modeling interdependent data in “panel” form. The 

non-temporal, cross-sectional ERGM can be expressed by its probability density 

function: 

𝑃 𝑁,𝜃 = !
!!∗∈!!"# {!⊺ ! !∗ }

exp {𝜃⊺ ℎ 𝑁 }, 

“where N is the observed network, 𝜃⊺ are network parameters, ℎ 𝑁 is a vector of 

statistics computed on the network, and 𝑁∗refers to a particular permutation of the 

network from the set of all possible permutations of the network holding the number of 

vertices as fixed 𝑁” (Leifeld and Cranmer 2015; Robins and Lusher 2013). 

TERGM is an extension of the ERGM probability distribution that not only uses 

the sums of all subgraph characteristics at a particular time step, but also all networks at 

previous time steps up to some time step t – K. The TERGM thus takes the following 

functional form:  

𝑃 𝑁! 𝑁!!! ,… ,𝑁!!!,𝜃 =  
exp {𝜃⊺ ℎ 𝑁! ,𝑁!!!,… ,𝑁!!! }

𝑐(𝜃,𝑁!!! ,… ,𝑁!!!) } 

which states that the probability of observing the dependent network at time t is 

dependent on the dependent network observed at the previous t-1 observations with 

ℎ 𝑁! ,𝑁!!!  representing network statistics of the networks across the time sample (t 

through t-1),  𝜃 representing the effects of the network statistics, and 𝑐(𝜃,𝑁!!!) acting as 

a normalizing constant (Leifeld and Cranmer 2015). In layman’s terms, TERGMs run 

multiple iterations using a set of network nodes (countries in this study) with any number 

of edges creating any number of network structural characteristics. With a given set of 

nodes, a set of structural characteristics, a given number of time steps, and relevant 
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exogenous characteristics, the TERGM output indicates the likelihood of observing the 

dependent network.  

 To isolate the effect of the independent variables of interest, TERGMs call for the 

inclusion of endogenous network statistics, or endogenous control variables, in the model 

to account for structures that are inherent to the dependent networks. In other words, in 

addition to the exogenous control variables included in our models – migration, 

corruption, contiguity, and distance – there are also structural elements that are unique to 

the human trafficking network that must be included in the model. Example endogenous 

control variables include the number of edges, the increased likelihood of mutual or 

asymmetric dyads, terms controlling for likely clustering, terms to control the number of 

stars, among many others (Handcock et al. 2016; Lusher and Robins 2013; Robins and 

Lusher 2013a; Robins and Lusher 2013b; Koskinen and Daraganova 2013a, 2013b; 

Robins and Daraganova 2013; Daraganova and Robins 2013).  In a time-series ERGM, 

endogenous temporal elements may be included as well. These can be a simple time lag 

similar to that of standard regression, or more complicated terms outlining how nodes 

connect or dissolve across time (Leifeld et al. 2016). To discern which endogenous terms 

ought to be included in the model, one must engage in a small degree of a priori thinking 

in consultation with a suite of network descriptive statistics.  

 As the graphs being considered in this study are source-destination networks, I 

theoretically expect there to be a very specific directionality to the network. Victims flow 

from source countries to destination countries, so there should not be many instances 

where victims also flow back from the destination country to the source country. I also 

expect these networks to be relatively sparse – connections do not exist between each 
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possible country pair. Furthermore, I expect that connections remain throughout time. 

Once a connection between two countries is deemed viable and valuable, the likelihood 

the connection disappears decreases. 

The following is a discussion of a suite of network statistics that will help me 

determine how correct my a priori assumptions about the network structure are. Table 2 

below provides summary statistics of basic network betweenness centrality. Betweenness 

is reported for each individual country and measures the number of shortest paths that 

pass through a specific country (Wasserman and Faust 1994). 

Table 2. Human Trafficking Network – Betweenness Centrality Statistics 
 Min. 1Q Median 3Q Max. Mean Std. Dev. 

2001 0 0 0 0 200.000 8.787 26.820 
2002 0 0 0 3.667 427.069 15.552 49.390 
2003 0 0 0 20.800 2995.176 94.913 362.487 
2004 0 0 0 35.000 4185.410 149.137 522.548 
2005 0 0 0 89.667 5669.210 176.415 645.997 
2006 0 0 28.317 182.969 5855.961 238.956 637.387 
2007 0 0 22.144 151.817 3152.987 180.011 414.603 
2008 0 0 28.317 182.969 5855.961 238.956 637.387 
2009 0 0 12.122 196.652 6570.651 249.202 658.498 
2010 0 0 9.083 193.650 4710.104 212.667 532.086 
2011 0 0 31.177 317.256 4965.055 321.104 691.014 
2012 0 0 14.007 252.012 3241.161 258.546 496.994 
2013 0 0 24.174 231.587 5019.663 273.290 604.336 
If a country has a higher betweenness score, it lies at an important juncture in the 

international network due to the higher level of flow that is passing through it. While 

there are clearly differences across all years, the distribution of betweenness values is 

generally similar, especially in years following 2006. 

Table 3 on the next page provides summary statistics for network degree 

centrality statistics. In-degree refers to connections coming into a country while out-

degree refers to the connections leaving a country (Wasserman and Faust 1994). As seen 
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in the table, it is apparent that the degree distribution remains very similar across all years 

of the study. While there are differences across each year, it is apparent that half of the 

countries in the international system have a handful of connections or less and 75% of 

countries have no more than ten connections either coming in or out in any given year. 

Furthermore, the maximum number of connections remains relatively stable, especially in 

the later years where the data becomes more reliable.  

Table 3. Human Trafficking Network – Degree Centrality Statistics  
 In-Degree 
 Min. 1Q Median 3Q Max. Mean Std. Dev. 
2001 0 0 0 4 17 2.208 3.573 
2002 0 0 1 4 22 2.847 4.267 
2003 0 0 1 5 21 3.246 4.092 
2004 0 0 1 5 19 3.109 3.958 
2005 0 0 2 6 19 3.940 4.507 
2006 0 2 4 8 28 5.945 5.784 
2007 0 1 4 8 27 5.825 5.823 
2008 0 2 4 8 28 5.945 5.784 
2009 0 1 4 8 28 5.344 5.624 
2010 0 1 4 8 30 6.230 6.455 
2011 0 2 4 8 36 6.470 6.903 
2012 0 2 5 9 38 6.869 7.174 
2013 0 2 5 10 38 7.393 7.452 

 Out-Degree 
2001 0 0 0 3 20 2.208 3.929 
2002 0 0 1 4 27 2.847 4.629 
2003 0 0 1 4 32 3.246 5.355 
2004 0 0 1 4 27 3.109 4.672 
2005 0 0 2 5 28 3.940 5.473 
2006 0 1 4 7 53 5.945 7.890 
2007 0 0 4 8 44 5.825 7.622 
2008 0 1 4 7 53 5.945 7.890 
2009 0 0 3 6 56 5.344 7.407 
2010 0 0 4 8 54 6.230 8.474 
2011 0 1 4 9 47 6.470 8.257 
2012 0 0 4 10 51 6.869 8.835 
2013 0 0 4 10 54 7.393 9.365 
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Table 4. Human Trafficking Network - Isolates 
Isolates 

2001 62 
2002 42 
2003 30 
2004 34 
2005 29 
2006 10 
2007 17 
2008 10 
2009 15 
2010 8 
2011 7 
2012 4 
2013 3 

 

Table 4 above contains the number of isolates for each year, or the countries with 

no connections whatsoever. Clearly, the number of isolates decreases dramatically across 

the years of the study. This is likely due to improvements in data, rather than a drastic 

increase in the prevalence of human trafficking. Table 5 on the following page provides a 

dyad census for each year of the study. Dyad census reports the number of dyads that are 

found in the network. For any given two nodes, this statistic reports the number of null 

dyads, with no connection between the two countries; the number of asymmetric dyads, 

with one connection between the two countries; and the number of mutual dyads, where 

each country has an in-connection from the other. The most common dyad is the null 

dyad, distantly followed by the asymmetric dyad. Mutual dyads exist, though are not at 

all common in comparison to the previous two dyad classifications. 
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Table 5. Human Trafficking Network – Dyad Census 
 Mutual Dyads Asymmetric Dyads Null Dyads 
2001 13 378 16262 
2002 15 491 16147 
2003 21 552 16080 
2004 28 513 16112 
2005 34 653 15966 
2006 77 934 15642 
2007 81 904 15668 
2008 77 934 15642 
2009 67 844 15742 
2010 65 1010 15578 
2011 79 1026 15548 
2012 83 1091 15479 
2013 87 1179 15387 

The final statistic is triad census, which reports the number of 16 different triad 

configurations for any given three countries. The triads use a numeric notation to 

distinguish themselves: the first number indicates the number of null dyads (0-3), the 

second number indicates the number of asymmetric dyads (0-3), and the third number 

indicates the number of mutual dyads (0-3). Letters are used to distinguish multiple triads 

from each other if the numerical notation does not provide enough information (Butts 

2016). For example, the “003” triad indicates that there are 3 null dyads – there are no 

connections whatsoever. The “300” triad indicates that there are three mutual dyads – 

each node is connected to both other nodes with both an in-edge and an out-edge. Triads 

“030C” and “030T” each describe a triad with three asymmetric dyads and the “C” and 

“T” indicate two different representations of three asymmetric dyads. “030C” is a perfect 

cycle – each node receives one in-connection and sends one out-connection. “030T,” on 

the other hand, features one node with two in-connections, one node with two out-

connections, and one node with one in- and one out-connection. Figure 1 describes the 

nomenclature and visual representation of each possible triad while Table 6 on the 
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following page reports the actual number of each type of triad observed in the human 

trafficking networks across each year in the study 

Figure 1. Triad Census Classifications 

 

Figure Source: Social Communication Network Lab Illinois Institute of Technology 

 

 

 

 

 

 

 

 

 

 



27 

Table 6. Human Trafficking Network – Triad Census 
 003 012 102 021D 021U 021C 111D 111U 
2001 937507 61750 2175 1267 1113 544 21 97 
2002 918316 79140 2521 1879 1666 662 29 90 
2003 907472 87892 3490 2483 1526 1073 56 157 
2004 912305 82747 4649 1857 1413 980 97 208 
2005 888598 103077 5559 2696 1998 1633 130 300 
2006 837917 139967 11962 5654 3911 2547 331 1082 
2007 841967 135754 12897 5376 3591 2472 418 779 
2008 837917 139967 11962 5654 3911 2547 331 1082 
2009 853754 127624 10545 4977 3388 2153 345 785 
2010 828846 148742 9916 6878 4702 2787 415 930 
2011 824140 150466 12182 6601 5420 2859 461 1057 
2012 813826 158430 12598 7482 5880 2972 512 1234 
2013 800164 169083 13009 8409 6418 3511 588 1355 

 030T 030C 201 120D 120U 120C 210 300 
2001 219 0 9 2 15 2 7 3 
2002 376 0 11 3 22 5 10 1 
2003 496 0 5 20 48 6 7 0 
2004 387 0 10 25 30 8 14 1 
2005 610 7 23 28 38 15 19 0 
2006 939 10 68 60 186 28 55 14 
2007 1071 8 69 79 135 28 74 13 
2008 939 10 68 60 186 28 55 14 
2009 809 8 54 63 148 30 41 7 
2010 1110 13 52 93 145 48 48 6 
2011 1080 15 74 88 180 43 55 10 
2012 1290 6 85 96 191 49 67 13 
2013 1560 15 90 107 278 67 68 9 

Encouragingly, the a priori thinking outlined earlier in this section is largely 

reflected in the network statistics provided in the tables above. By convention, the first 

endogenous term included in the model is the “edges” term. This is interpreted 

analogously to the constant term in standard regression and holds constant the total 

number of edges in each graph. Next, an “asymmetric dyads” term is included. While 

asymmetric dyads are not as common as null dyads, they are still present to a significant 

degree and at a much higher rate than mutual dyads. This is exhibited both in the dyad 
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census and triad census statistics. Two terms to control for the in-degree and out-degree 

distribution are also included. These terms are geometrically weighted against high 

degree scores; without weighting, the term would not distinguish between the likelihood 

of having a high degree or low degree centrality. With the weighting parameter, the 

model can weight against the likelihood of multiple nodes with many connections in 

favor of the lower end of the degree distribution. The weighting parameter alpha is set at 

0.5. A weight of zero is the minimum and the weight of 1 is the maximum, akin to 

including no weight whatsoever. Finally, a temporal term is included: the “memory-

stability” term (with a one-period lag) holds specific edges steady from one year to the 

next. Table 7 provides the formal definitions of the endogenous terms included in the 

models in this study. 

Table 7. Human Trafficking Models Endogenous Term Definitions 
Term Definition 

Edges Adds one network statistic equal to the number of edges in 
the network. 

Asymmetric Dyads Adds one network statistic to the model equal to the number 
of asymmetric dyads for which one of (i->j) or (j->i) exists.  

Geometrically Weighted 
In-Degree 

Adds one network statistic to the model equal to the weighted 
in-degree distribution with a decay weight parameter. 

Geometrically Weighted 
Out-Degree 

Adds one network statistic to the model equal to the weighted 
out-degree distribution with a decay weight parameter. 

Memory, Autoregression 
Control for the impact of a previous network on the current 
network, checking whether previous ties are carried over to 
the current network.  

(Handcock et al. 2016; Leifeld et al. 2016) 

Endogenous Models 

 Using the endogenous terms listed in the previous section and the exogenous 

control variables introduced earlier, the first two TERGM results are provided in Table 8 

on the following page. By convention, the first model reported includes only the 

endogenous terms. I also report model results including the endogenous terms with the 
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exogenous control variables without any independent variables of interest. TERGMs are 

computed in R using the xergm package developed by Cranmer and Leifeld (Leifeld et 

al. 2016). The models reported here each use 1,000 bootstrapping estimations.  

Table 8. Endogenous and Control Models 
 Endogenous Model Control Model 
Edges -3.2314 -2.7246 
 (-3.4396--2.9768) (-2.9819--2.433) 

 
Asymmetric Dyads -0.6229 -0.2042 
 (-0.6911--0.5364) (-0.2876--0.1145) 

 
GW In-Degree -2.5986 -2.8198 
 (-2.7382--2.4449) (-3.0138--2.6216) 

 
GW Out-Degree -2.7313 -2.9293 
 (-2.9478--2.5255) (-3.1728--2.7177) 

 
Edge Stablity (Time Lag) 5.2674 4.8643 
 (4.9389-5.5561) (4.49-5.194) 

 
Corruption (Node) - 0.0003 
  (-0.0006-0.0011) 

 
Migration (Edge) - 0.0000 
  (0.0000-0.0000) 

 
Contiguity - 1.1707 
  (1.0299-1.2805) 

 
Distance (Most Important Cities) - -0.0002 
  (-0.0002--0.0001) 
95% Confidence Intervals; Bold Text Indicates Statistical Significance 

Statistical significance is reported as a 95% confidence interval and all significant 

terms – terms where the confidence interval does not cross 0 – are listed in bold in the 

above table. In the endogenous model, each term is significant. Unfortunately, temporal 

exponential random graph models do not provide a goodness of fit statistic such as 

adjusted-R2 or AIC and BIC; goodness of fit is visualized by plotting the estimated vs. 
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expected values of a suite of network statistics for each model. The closer the estimated 

value, as indicated by a dark black line in the plot, falls to the middle of the confidence 

interval, the better fitting the model. The goodness of fit plots (Figure 3; Appendix I) for 

the endogenous model show a relatively good fit using solely the endogenous terms.  

 The exogenous control model results are also reported in Table 3. All of the 

endogenous terms retain their significance and three of the four exogenous control terms 

are significant. Interestingly, corruption, which is a nodal attribute, is insignificant. 

However, migration is positively significant – as the number of people moving from 

Country A to Country B increases, the likelihood of trafficking from Country A to 

Country B increases – as expected. Contiguity is also positively significant as expected – 

if two countries share a border, the likelihood that a trafficking connection exists between 

them increases. Finally, distance is negatively significant as expected – as the distance 

between the economic center of two countries decreases, the likelihood of a trafficking 

connection between them increases. Figure 4 (Appendix I) shows a good goodness-of-fit 

for this model. There is slight improvement in goodness of fit in the exogenous control 

model from the endogenous model.  

Exogenous Models 

 Using the adjusted relative deprivation theory, empirically derived hypotheses 

concerning indicators of trafficking, and methods that produce significant endogenous 

structural terms, we arrive at the following exogenous models. The exogenous models 

test the raw score, inequality score, and both terms together.  
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Raw Score Model 

 The raw score model tests for the effect of the level of development, economic 

health, and political health on the likelihood of human trafficking connections while 

controlling for bilateral migration, geographical constraints, endogenous structural, and 

endogenous temporal terms.  

𝑃 𝑆𝐷! 𝑆𝐷!!!,𝜃 =  
1

𝑐(𝜃, 𝑆𝐷!!!) exp { 𝜃!ℎ 𝑆𝐷! , 𝑆𝐷!!!
!∈!,!,!,!,!

} 

The equation follows the general functional form, though the total effect of the network 

statistics are the sum of all network statistics in the model. These effects collectively 

impact the probability of observing the source-destination network (SD) at time t with 

respect to time periods t-1. There exist five sets of network statistics: a, which is the 

nodal covariate of the level of the economic health indicators, political health indicators, 

or human development index (each model only incorporates one indicator group at a 

time); m, which is the edge covariate measuring the level of migration between two 

countries; g, which is the geographic distance, measured as an edge covariate, between 

each country; j, which is the set of endogenous structural terms; and k, which is the 

endogenous temporal term.  

Inequality Model  

The inequality model tests for the effect of the relative deprivation between two 

countries’ development, economic health, and political health indicator scores on the 

likelihood of human trafficking connections while controlling for bilateral migration, 

geographical constraints, endogenous structural, and endogenous temporal terms.  

𝑃 𝑆𝐷! 𝑆𝐷!!!,𝜃 =  
1

𝑐(𝜃, 𝑆𝐷!!!) exp { 𝜃!ℎ 𝑆𝐷! , 𝑆𝐷!!!
!∈!,!,!,!,!

} 
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The equation follows the general functional form, though the total effect of the network 

statistics are the sum of all network statistics in the model. These effects collectively 

impact the probability of observing the source-destination network (SD) at time t with 

respect to time periods t-1. There exist five sets of network statistics: e, which is the edge 

covariate of the deprivation score of the economic health indicators, political health 

indicators, or human development index between two countries (each model only 

incorporates one indicator group at a time); m, which is the edge covariate measuring the 

level of migration between two countries; g, which is the geographic distance, measured 

as an edge covariate, between each country; j, which is the set of endogenous structural 

terms; and k, which is the set of endogenous temporal term.  

Combined Model 

The combined model tests for the effect of the relative deprivation between two 

countries’ development, economic health, and political health indicator scores on the 

likelihood of human trafficking connections while controlling for bilateral migration, 

geographical constraints, endogenous structural, and endogenous temporal terms.  

𝑃 𝑆𝐷! 𝑆𝐷!!!,𝜃 =  
1

𝑐(𝜃, 𝑆𝐷!!!) exp { 𝜃!ℎ 𝑆𝐷! , 𝑆𝐷!!!
!∈!,!,!,!,!,!

} 

The equation follows the general functional form, though the total effect of the network 

statistics are the sum of all network statistics in the model. These effects collectively 

impact the probability of observing the source-destination network (SD) at time t with 

respect to time periods t-1. There exist six sets of network statistics: e, which is the edge 

covariate of the deprivation score of the economic health indicators, political health 

indicators, or human development index between two countries (each model only 

incorporates one indicator gorup at a time);  a, which is the nodal covariate of the level of 
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the economic health indicators, political health indicators, or human development index 

(each model only incorporates one indicator group at a time); m, which is the edge 

covariate measuring the level of migration between two countries; g, which is the 

geographic distance, measured as an edge covariate, between each country; j, which is the 

set  of endogenous structural terms; and k, which is the endogenous temporal term.  

Exogenous Model Results 

 The exogenous model results are presented in three separate tables over the 

following pages. Each table includes the endogenous and exogenous control variables 

and one of the independent variable(s) of interest: human development, economic 

indicators, or political indicators. Goodness-of-fit plots for all models are found in 

Appendix I.  

 The first models to be presented concern the human development index. All 

endogenous terms and exogenous control variables retain their sign and significance. The 

results are presented in Table 9 on the following page.  

 All HDI terms are significant. The raw score is positive and significant – as the 

human developments core increases, the likelihood that a country is part of a human 

trafficking connection increases. The raw HDI score is significant in Model 1. However, 

the relationship between HDI and likelihood of human trafficking is opposite than 

expected – as HDI increases, the likelihood of a human trafficking edge between two 

countries increases. For example, as the HDI score of Country A increases, the likelihood 

of a human trafficking connection from Country A to Country B increases. This is does 

not immediately make logical sense. However, this result might indicate that a country 
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must reach a certain level of development to be fully integrated in the international 

human trafficking system. This interpretation is only conjecture at this point.   

Table 9. Human Development Index Models1 
 Model 1 Model 2 Model 3 
Edges -2.8907 -2.8075 -2.9203 
 (-3.1484--2.627) (-3.0643--2.5191) (-3.1662--2.6271) 

 
Asymmetric  -0.2039 -0.2447 -0.3013 
Dyads (-0.2862--0.1006) (-0.333--0.1361) (-0.3893--0.2007) 

 
GW In-Degree -2.8163 -2.7079 -2.6607 
 (-3.008--2.6308) (-2.9013--2.5153) (-2.8407--2.4681) 

 
GW Out-Degree -2.9212 -2.8569 -2.7927 
 (-3.1559--2.7056) (-3.083--2.6371) (-3.0245--2.5643) 

 
Edge Stability  4.8587 4.8356 4.7538 
(Time Lag) (4.4736-5.2044) (4.4348-5.1907) (4.3557-5.0927) 

 
Corruption  0.0002 0.0002 -0.0001 
(Node) (-0.0006-0.0011) (-0.0007-0.0012) (-0.001-0.0008) 

 
Migration  2.684*10-7 2.788*10-7 2.743*10-7 
(Edge) (0.0000-0.0000) (0.0000-0.0000) (0.0000-0.0000) 

 
Contiguity 1.1673 1.2003 1.2256 
 (1.0381-1.3025) (1.0657-1.3377) (1.0878-1.363) 

 
Distance  -0.0002 -0.0002 -0.0002 
(Most Important Cities) (-0.0002--0.0001) (-0.0002--0.0001) (-0.0002--0.0001) 

 
HDI  0.1627 - 0.1621 
(Raw Score) (0.0512-0.3153) 

 
 (0.0438-0.305) 

HDI  - 0.6873 0.6872 
(Inequality Score)  (0.4246-0.9148) (0.4250-0.9022) 
95% Confidence Intervals; Bold Text Indicates Statistical Significance 
 

The HDI inequality score confirms our initial hypothesis: as inequality in the 

human development index between two countries increases, the likelihood a human 

trafficking connection exists from the country relatively deprived to the other increases. 

If Country A is developmentally deprived relative to Country B, the likelihood of a 
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human trafficking connection from Country A to Country B increases. Finally, both the 

HDI raw score and inequality score are significant when both are included in the model. 

Note that the magnitude of the effect on the likelihood of human trafficking connections 

remains very similar in the Model 3 as compared to Models 1 and 2.  

The results in Model 3 suggest that, controlling for the raw level of human 

development, increases in the difference in human development between two countries 

still corresponds with a higher likelihood of a source destination connection from the 

country relatively deprived (Country A) to the other (Country B). On the other hand, if 

the inequality between two countries remains constant, an increase in the raw human 

development score in Country A also increases the likelihood of a trafficking connection 

from Country A to Country B.  As the difference between two countries remains 

constant, this implies that as human development increases for the dyad (i.e., at an equal 

rate in both countries), the likelihood of human trafficking increases. This result seems to 

contradict rudimentary push-pull models that hold that lower levels of development are 

related to source countries. Unfortunately, the goodness of fit measures do not suggest 

which of the three HDI models offers the best fit. Only marginal differences in fit can be 

observed, if any differences can be observed at all. The result displayed in Table 4 

suggests that as the world as a whole increases development, the likelihood of human 

trafficking increases. This is not entirely illogical: as more countries at the extremely low 

end of development increase their raw HDI scores, the “feasibility” of comparing their 

domestic development level to the development levels of other countries internationally 

increases. Imposing a stricter “feasibility” restriction might help test this in future studies. 
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Table 10. Economic Health Models2 
 Model 1 Model 2 Model 3 

Edges -4.1545 -2.8318 -2.9417 
 (-4.848--3.4122) (-3.0891--2.5212) (-3.1834--2.6619) 

 
Asymmetric  -0.1960 -0.2516 -0.2830 
Dyads (-0.2736--0.093) (-0.3423--0.1436) (-0.3714--0.1778) 

 
GW In-Degree -2.8090 -2.6625 -2.6097 
 (-2.9904--2.6283) (-2.8549--2.4702) (-2.8047--2.4133) 

 
GW Out-Degree -2.9431 -2.7935 -2.7264 
 (-3.2005--2.7307) (-3.0388--2.5711) (-2.9466--2.5059) 

 
Edge Stability  4.8623 4.8231 4.7623 
(Time Lag) (4.481-5.2041) (4.4146-5.1765) (4.3609-5.105) 

 
Corruption  0.0003 0.0000 -0.0001 
(Node) (-0.0006-0.0013) (-0.001-0.0009) (-0.0011-0.0009) 

 
Migration  2.530*10-7 2.804*10-7 2.647*10-7 

(Edge) (0.0000-0.0000) (0.0000-0.0000) (0.0000-0.0000) 
 

Contiguity 1.1719 1.2061 1.2132 
 (1.0427-1.3024) (1.0598-1.3321) (1.0885-1.3415) 

 
Distance  -0.0002 -0.0002 -0.0002 
(Most Important Cities) (-0.0002--0.0001) (-0.0002--0.0001) (-0.0002--0.0001) 

 
GNI  (Raw Score) 0.0226 - 0.0228 
 (-0.015-0.0583) 

 
 (-0.0116-0.0594) 

GNI (Inequality Score) - 1.1014 1.1282 
  (0.8514-1.318) (0.8742-1.3436) 

 
Unemployment Rate 0.3101 - 0.3357 
(Raw Score) (0.2335-0.3849) 

 
 (0.2546-0.4142) 

Unemployment Rate  - 0.1494 0.1760 
(Inequality Score)  (-0.1423-0.4085) (-0.0826-0.4304) 
95% Confidence Intervals; Bold Text Indicates Statistical Significance 

Table 10 presents the results of the economic health models. Once again, all of the 

endogenous and control variables retain their sign and significance. The first model 

includes raw scores for both gross national income per capita and the unemployment rate. 
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GNI per capita is insignificant while the unemployment rate is significant and positive, 

indicating that an increase in the unemployment rate corresponds with a higher likelihood 

of a human trafficking connection. This makes logical sense: as the unemployment rate in 

Country A increases, thereby suggesting a dearth of employment opportunities for the 

population of Country A, the likelihood of a human trafficking connection from Country 

A to Country B increases.   

The second model presents significance on opposite terms than Model 1. In terms 

of inequality between countries, GNI per capita is significant while the total 

unemployment rate is not. As the difference in GNI per capita between two countries 

increases, the likelihood of a human trafficking source-destination connection from the 

country deprived relative to the other increases. For example, if Country A has a lower 

level of GNI per capita than Country B, an increase in the degree of deprivation between 

Country A and Country B increases the likelihood of a human trafficking connection 

between Country A and Country B. The inequality in unemployment rates between the 

two countries has no effect on the likelihood of human trafficking connections.  

The sign and significance in Models 1 and 2 hold when including both raw and 

inequality scores for both GNI per capita and the unemployment rate in Model 3. The raw 

GNI per capita score and unemployment deprivation score are both insignificant. This 

result suggests that greater inequality in personal income between two countries, ceteris 

paribus, increases the likelihood of a source-destination connection between from the 

deprived country to the other. On the other hand, holding constant the disparity in 

personal income between two countries, increasing unemployment in one country 

corresponds with a higher likelihood of a human trafficking connection originating in that 
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country. The results presented in Model 3 match our expectations better than the HDI 

Model 3: as unemployment increases worldwide, thereby limiting opportunities for 

engagement in formal institutions, the likelihood of human trafficking increases 

worldwide. At constant unemployment rates across the countries of the world, the 

disparity in personal income is a better indicator of the likelihood of human trafficking 

connections between countries. Unfortunately, as in the HDI models, the goodness of fit 

measures do not suggest which of the three economic health models offers the best fit. 

Only marginal differences in fit can be observed, if any differences can be observed at 

all. 

Finally, the political health model results are presented in Tables 11 and 12 on the 

following pages. The models including the Polity IV score are found in Table 11 and 

models including the Political Rights and Civil Liberties score are found in Table 12. 

Keeping with the pattern, all of the endogenous and control variables retain their sign and 

significance in all of the political health models. The raw Polity IV score is insignificant. 

However, the inequality score on the Polity IV term is significant and positive in both 

Model 2 and Model 3. This result suggests that as the inequality in institutionalized 

democracy between states increases, the likelihood of trafficking between them increases. 

For example, if the deprivation of Country A in institutionalized democracy relative to 

Country B increases, the likelihood a human trafficking connection from Country A to 

Country B also increases.  
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Table 11. Political Health – Polity IV Models 

 
Model 1 Model 2 Model 3 

Edges -2.6755 -2.7246 -2.6959 

 
(-2.9239--2.4039) (-2.9753--2.4519) (-2.9381--2.4161) 

Asymmetric  
 

-0.2042 -0.2067 -0.2071 
Dyads (-0.2896--0.0973) (-0.286--0.1094) (-0.2832--0.1032) 

GW In-Degree 
 

-2.8169 -2.8066 -2.8049 

 
(-3.0151--2.6387) (-3.0106--2.5912) (-2.9814--2.6194) 

GW Out-Degree 
 

-2.9318 -2.9211 -2.9238 

 
(-3.1623--2.6994) (-3.15--2.696) (-3.1839--2.7318) 

Edge Stability  
 

4.8629 4.8619 4.8607 
(Time Lag) (4.4369-5.2132) (4.5047-5.2064) (4.4731-5.1952) 

Migration  
 

2.671*10-7 2.668*10-7 2.653*10-7 

(Edge) (0.0000-0.0000) (0.0000-0.0000) (0.0000-0.0000) 

Contiguity 
 

1.1718 1.1720 1.1733 

 
(1.0274-1.3058) (1.0366-1.3059) (1.0479-1.3127) 

Distance  
 

-0.0002 -0.0002 -0.0002 
(Most Important Cities) (-0.0002--0.0001) (-0.0002--0.0001) (-0.0002--0.0001) 

Polity   
 

-0.0036 - -0.0037 
(Absolute Level) (-0.0082-0.0017) 

 
(-0.0082-0.0014) 

Polity  
 
- 0.1612 0.1634 

(Inequality Score) 
 

(0.0546-0.269) (0.0506-0.2755) 
95% Confidence Intervals; Bold Text Indicates Statistical Significance  

The Political Rights and Civil Liberties political health model results are found in 

Table 12 on the following page.  The political rights and civil liberties raw score is 

negative and significant. This suggests an unexpected relationship. As the PRCL score 

decreases in a country (i.e., the country is more free), the likelihood of a human 

trafficking connection originating in that country increases. For example, if Country A 

offers more protections of political rights and civil liberties, the likelihood of a human 

trafficking connection from Country A to Country B increases.   
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Table 12. Political Health – Political Rights and Civil Liberties Models 

 
Model 1 Model 2 Model 3 

Edges -2.4997 -2.7246 -2.4084 

 
(-2.8096--2.1976) (-2.9753--2.4519) (-2.7466--2.1014) 

Asymmetric  
 

-0.2098 -0.2067 -0.2370 
Dyads (-0.2926--0.1257) (-0.286--0.1094) (-0.328--0.1408) 

GW In-Degree 
 

-2.8011 -2.8066 -2.7651 

 
(-3.0124--2.5943) (-3.0106--2.5912) (-2.98--2.5321) 

GW Out-Degree 
 

-2.9696 -2.9211 -2.9262 

 
(-3.179--2.7402) (-3.15--2.696) (-3.1615--2.7084) 

Edge Stability  
 

4.8578 4.8619 4.8256 
(Time Lag) (4.4636-5.1999) (4.5047-5.2064) (4.4278-5.1539) 

Migration  
 

2.702*10-7 2.678*10-7 2.695*10-7 

(Edge) (0.0000-0.0000) (0.0000-0.0000) (0.0000-0.0000) 

Contiguity 
 

1.1738 1.1720 1.1489 

 
(1.0223-1.3012) (1.0366-1.3059) (1.0105-1.2721) 

Distance  
 

-0.0002 -0.0002 -0.0002 
(Most Important Cities) (-0.0002--0.0001) (-0.0002--0.0001) (-0.0002--0.0001) 

PR+CL  
 

-0.0137 - -0.0106 
(Absolute Level) (-0.0219--0.0031) 

 
(-0.019-0.0008) 

PR+CL  - 
 

-1.0427 -1.0149 
(Inequality Score) 

 
(-1.2081--0.8955) (-1.1754--0.8409) 

95% Confidence Intervals; Bold Text Indicates Statistical Significance  
 

In Model 2, the political rights and civil liberties inequality score is negative and 

significant. This result matches our expectation for the PRCL score. Since a lower score 

on the PRCL score indicates a “freer” society, deprivation scores on the PRCL indicator 

actually measure the opposite effect of other indicators. The countries that are “deprived” 

are those that are judged to be freer than the comparison country in this case. For 

example, if Country A has a PRCL score of 2 and Country B has a PRCL score of 4, the 

model interprets Country A as the deprived country relative to Country B even though 
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Country A is “more free” than Country B. Therefore, as the deprivation between Country 

A and Country B increases – as Country A becomes more free than Country B – the 

likelihood that a human trafficking connection originates in Country A decreases. This is 

expected. The Polity IV deprivation score, on the other hand, does not match our 

expectation. As the deprivation between Country A and Country B increases – as 

institutionalized democracy decreases in Country A relative to Country B - the likelihood 

of a human trafficking connection from Country A to Country B decreases. 

Finally, Model 3 features only one significant term of interest: the political rights 

and civil liberties inequality score. When controlling for the raw political rights and civil 

liberties score, only the difference between two countries in political rights and civil 

liberties is significant. As in Model 2, the relationship is expected: as deprivation 

between Country A and Country B increases (Country A becomes relatively more free 

than Country B), the likelihood of a human trafficking from Country A to Country B 

decreases.  Continuing the pattern observed in the HDI and economic health models, the 

goodness of fit measures do not suggest which of the three political health models offers 

the best fit. Only marginal differences in fit can be observed, if any differences can be 

observed at all. 

Discussion  

As the indicators used in this study are fairly basic, there are not many specific 

policy prescriptions – such as enacting a specific piece of anti-trafficking legislation, or 

devoting a specific dollar amount of the national budget to a certain program - that these 

results can offer. However, there seem to be two different general approaches available to 

the international community to combat the likelihood of human trafficking between 
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country pairs. The first approach, the rising tide approach, focuses on the raw indicator 

scores in each country and does not address the issue of inequality between pairs of 

countries. In the economic health model, this means focusing not on income inequality 

between countries, but on lowering unemployment rates in all countries across the globe. 

This seems like a logically straightforward approach to decreasing the likelihood of 

trafficking – as opportunities for formal employment increase, fewer people are 

vulnerable to trafficking. In the human development model, on the other hand, focusing 

on the raw development score as opposed to the inequality in development scores 

between countries would call for decreasing the overall development of a country to limit 

the likelihood of trafficking connections between countries. This does not make logical 

sense. Therefore, a rising tide approach should focus on providing employment 

opportunities in individual countries, rather than devoting energy to improving health, 

education, or income levels in individual countries when attempting to confront 

trafficking. 

The second approach, the equality promotion approach, focuses on the inequality 

between countries rather than raw indicator scores in individual countries. In the 

economic health model, this means enacting policy to address income inequality between 

two countries. The positive, significant Polity IV inequality terms suggest working to 

limit the differences in institutionalization of democracy between states across the globe. 

On its face, these seems to be a more ambiguous approaches, as governments tend to be 

less able to directly influence income in a constructive manner than employment and 

cannot easily influence the institutions in a foreign country. Similarly, the human 

development model suggests enacting policies to decrease the development gap – this 
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necessarily requires improvements to be made in countries lower on the development 

scale at a higher rate. If all countries improve development scores relatively constantly, 

the development gap does not decrease and the likelihood of trafficking between two 

countries actually increases. However, the political health models also suggest policy 

implications that are not intuitive due to the negative deprivation measure the PRCL data 

produces. To limit the likelihood of human trafficking, the difference in freedom between 

the freest countries and the least free countries should increase.  

In practice, the desire to limit the likelihood of trafficking obviously needs to exist 

in conjunction with other goals in the international system. Furthermore, in the real 

world, factors are obviously not held constant. Therefore, the most appropriate 

recommendations this study can make cherry-picks from the two approaches described 

above. First, countries should enact policies to increase employment opportunities. 

Second, governments, NGOs, IGOs, and other relevant parties should increase efforts at 

the lower end of the development spectrum to increase human development scores, 

thereby decreasing the inequality between countries in human development. Finally, 

wherever possible, efforts should be made to decrease inequality in income, protection of 

freedoms, and institutionalized democracy between countries in the international system. 

This final effort will fall to rest on policy-makers in low-income countries – their goal 

must be to increase personal income in their countries at a faster rate than highly 

developed countries so as to shrink the income gap as quickly as possible. 

Conclusion 

 The results presented above and the discussion regarding potential action to be 

taken by policy makers suggests five primary conclusions of this study. First, several raw 
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indicator scores are significant in the opposite direction expected. Second, several 

deprivation scores are also significant, typically matching they hypothesized relationship 

– as inequality between states increases, the likelihood of trafficking between them 

increases. Third, relying on goodness-of-fit measures, I cannot say which indicators nor 

whether raw indicator scores or indicator deprivation scores best model the likelihood of 

human trafficking connections. Fourth, even though the models in this study are similar 

in goodness-of-fit, significant terms suggest some general policy prescriptions, ideally a 

combination of the rising tide and equality promotion approaches. Finally, this study 

offers several interesting avenues for further research.  

 In total, three raw score indicators are significant when modeled alone: the human 

development index score, the total unemployment rate, and the political rights and civil 

liberties score. The unemployment rate models the expected relationship with the 

likelihood of human trafficking connections. The relationship between the likelihood of 

human trafficking connections and HDI and PRCL scores contradicts the expected 

relationship, however. The model results cannot definitively speak to this unexpected 

relationship with HDI and PRCL raw scores. A potential hypothesis may be that there is a 

certain level of development or “freedom” required for a state to be integrated in the 

international system and allow for involvement in human trafficking connections. 

Strengthening the “feasibility” assumption within relative deprivation theory might help 

in this pursuit. This hypothesis should be investigated with further research. 

 In models including only deprivation scores, four indicators are significant: the 

human development index, gross national income per capita, the Polity IV score, and the 

political rights and civil liberties score. Of these significant indicators, all suggest 
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accepting my primary hypothesis that inequality between states increases the likelihood 

of human trafficking between those states. The results suggest that deprivation between 

states in HDI, GNI per capita, or institutionalized democracy (Polity IV score) increase 

the likelihood of a trafficking connection from the deprived state to the other. An increase 

in the deprivation in PRCL scores decreases the likelihood of a trafficking connection 

from the deprived state (the freer state) to the other.  

 Goodness of fit measures do not suggest that any of the exogenous models model 

the likelihood of human trafficking connections better than any others. The model results 

and measures of fit suggest that both raw scores and deprivation scores are good 

indicators of human trafficking and, more importantly, both raw scores and deprivation 

scores generally retain their sign and significance when included in the same model. The 

indicators used in this study are broad indicators that have been used in many other 

studies concerning international development or international illicit activity. Further 

research might consider indicators more specifically related to human trafficking, which 

might provide further improvements in model fit. 

The sign, significance, and fit of the models in this study suggest two separate, 

general courses of action for policy makers: the rising tide approach and the equality 

promotion approach. With consistent sign and significance and only marginal changes in 

goodness of fit across all of the models, it can be concluded that both raw indicator scores 

and deprivation scores are important indicators of human trafficking connections. To 

limit the likelihood of international human trafficking connections, policy makers should 

focus both on improving conditions within states as well as limiting deprivation between 

states on significant indicators. Such a combination of the two approaches should 
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obviously be pursued with deference to other goals in the international community, but 

broadly speaking, increasing the development levels of the least-developed states, 

providing more employment opportunities in all states, and closing the gap in personal 

income, protection of freedoms, and institutionalization of democracy between states are 

three general steps that can be taken to limit the likelihood of international human 

trafficking.   

 In addition to the specific questions for further research discussed in the previous 

paragraphs, this study suggests two larger research agendas moving forward. The first 

concerns the human trafficking research agenda. In addition to using factors that may be 

more directly relevant to human trafficking, social network analysis provides an avenue 

for a systemic analysis of human trafficking. Such systemic analysis can assist a body of 

literature that is often focused on regions of the world or individual countries. Second, 

this study offers a way forward for studies of relative deprivation more generally, and 

especially those that concern relative deprivation in the international system. The use of 

social network analysis in studies of relative deprivation is not wide spread and offers 

more a more granular understanding of the effect of inequality. Rather than looking 

broadly at a general measure of deprivation or inequality, social network analysis allows 

each relationship in a system to receive an inequality score and for these inequality scores 

to be modeled. Deprivation networks can further the understanding of international 

inequality relatively easily and can even be employed within a single country, using 

individuals or groups as the actors in the network. This study provides groundwork for 

furthering both the understanding of the international human trafficking network and 

relative deprivation more broadly.  
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 Through the use of bilateral human trafficking data and a theory of international 

relative deprivation, this study intended to investigate whether a simple country-level 

indicator score or an indicator deprivation score was a better indicator of the likelihood of 

human trafficking connections between states. Relying on existing studies of 

international illicit activity, I used general measures of human development, economic 

health, and political health to test my hypothesis. Indicators, in both raw score and 

deprivation score forms, were modeled using temporal exponential random graph models 

along with endogenous structural controls and a suite of exogenous control variables. The 

results present significant results, general suggestions for policy action, and directions for 

further research. Much like other studies of international development and illicit activity, 

development, economic health, and political health are significant indicators of 

international human trafficking. More work is to be done to discover other factors that are 

more specific to trafficking and how network data supplements existing relative 

deprivation studies.  
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Appendix I 
Figure 2. Endogenous Model Goodness of Fit 

 

Figure 3. Control Model Goodness of Fit 
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Figure 4. Human Development Index – Model 1 Goodness of Fit 

 

Figure 5. Human Development Index – Model 2 Goodness of Fit 
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Figure 6. Human Development Index – Model 3 Goodness of Fit 

 

Figure 7. Economic Health – Model 1 Goodness of Fit 
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Figure 8. Economic Health – Model 2 Goodness of Fit 

 

Figure 9. Economic Health – Model 3 Goodness of Fit 
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Figure 10. Political Health – Model 1 Goodness of Fit 

 

Figure 11. Political Health – Model 2 Goodness of Fit 
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Figure 12. Political Health – Model 3 Goodness of Fit 
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1 Each development model was also tested without the corruption term as a test for 

potential endogeneity. After removing the corruption term, the results did not change sign 

or significance.  

2 Each economic health model was also tested without the corruption term as a test for 

potential endogeneity. After removing the corruption term, the results did not change sign 

or significance. 


