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ABSTRACT

Victims of sex trafficking are often forced to participate in a variety of legal 
and illegal activities, including selling commercial sex, drug trafficking, com-
mitting theft, and committing fraud. We build an operational model of a sex 
trafficking network whose victims are forced to participate in multiple rev-
enue-generating activities that are criminalized. This model was built based 
on the knowledge of experts who have lived experience or work closely with 
those with lived experience. This expertise helps to verify modeling assump-
tions and provides preliminary data to populate the model. We then extend 
the modeling approach to understand how disruptions to the sex trafficking 
network, such as those that disrupt different criminal activities, may affect 
the revenues of the trafficker. This extension not only helps to understand 
the importance of disrupting the commercial sex market, but it also helps to 
understand how a trafficker may react after such a disruption and how they 
may force victims to commit other criminal activity. For sex trafficking net-
works operating primarily in the nickel and dime commercial sex market and 
whose victims have substance use disorders, our analysis demonstrates that 
there could be a significant rise in theft to compensate for lost revenue due 
to disruptions of trafficking operations in the commercial sex market.
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Introduction

People victimized for sexual exploitation (hereafter “sex trafficking”) may be required to participate in 
a variety of legal and illegal activities as part of their trafficking experience. While the primary activity 
of most victims is to sell sex, many are also forced to participate in other illegal activities such as 
receiving, transporting, or selling illegal drugs, committing theft or shoplifting, and committing fraud 
(Jacobs & Richard, 2016; Martin et al., 2018; Roe-Sepowitz, 2020). Forced criminality poses significant 
challenges to understanding how a sex trafficker may react to interdiction or disruption of any of these 
illegal activities. Further, little is known about whether (or how) this may shift activities victims are 
forced to participate in to generate revenue for the trafficker. This paper presents an operational model 
of a sex trafficking network whose victims also participate in multiple illegal revenue-generating 
activities and captures how disruptions affect the revenues of the trafficker.

The idea for this inquiry arose from our five-member survivor-centered advisory group that 
is part of our core research team. The members bring a combined expertise of more than 90  
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years of experience as survivor-leaders and/or working with survivors exiting trafficking net-
works. Members of the advisory group (AG) are coauthors on this paper and were involved in 
all stages of this research study from conceptualization to write-up. During many meetings, the 
group highlighted the important and often overlooked experiences of forced criminality as part 
of the sex trafficking experiences of victims. The model and parameters presented here are based 
on insights from this group and were cross-referenced with the minimal published literature that 
is available on forced criminality in sex trafficking, as well as literature on trafficker motivations.

This is a new area of focus in the literature, with many aspects unexplored. We want to be clear about 
exactly what types of trafficking situations the model does and does not cover. The model itself is 
a network optimization problem, which falls into the broad field of operations research (OR). We model 
the revenues generated by victims in a sex trafficking network, in which the trafficker controls the actions 
of each of the victims and seeks to maximize profits. We chose this focus based on the input and 
expertise of the survivor-centered advisory group; however, not all trafficking operations have such 
a clearly defined axis of control. We then consider how to best implement interventions to disrupt the 
profits of the trafficker operating such a network. This so-called network interdiction problem (Smith & 
Song, 2020) helps to explore interventions that go beyond arresting traffickers or removing victims from 
their trafficking environment and seeks to disrupt the profitably of such activities.

The OR modeling process involves abstracting the real world by making modeling choices and 
assumptions. Any OR model of sex trafficking must necessarily abstract traumatic experiences in a way 
that cannot possibly capture all the complexities of a victim’s or survivor’s lived experience. Abstraction 
requires making many assumptions that limit the types of trafficking situations that are captured by our 
OR model. We recognize the axiom attributed to George Box that “all models are wrong, some are useful” 
(see, for example, Box, 1979, p. 202) as being critical in our process. We augment the axiom with the insight 
that our particular model is useful only in certain contexts. Yet, a properly created OR model can yield 
important insights into sex trafficking that could aid disruption of the trafficking system.

Terminology is difficult in this problem domain and the literature uses many terms such as 
trafficker, pimp and facilitator to describe those who force or coerce others’ involvement in commer-
cial sex (Barrick et al., 2023). We generally use the term trafficker, unless referring to a published 
source in which case we use their term.

Background

Operations Research Modeling of Sex Trafficking

The use of OR modeling and other data analytic approaches for examining sex trafficking networks is 
an emerging area and necessitates careful examination of potential unintended consequences resulting 
from such approaches (Caulkins et al., 2019). A systematic review by Dimas et al. (2022) found that 
only 1.4% of OR and analytical papers on human trafficking from 2010 through 2021 used primary 
data to study sex trafficking and that “almost all studies on sex trafficking use data pulled from escort 
websites (or other online sites hosting illicit advertisements)” (p. 8). For example, data analytical 
approaches, such as machine learning and other clustering methods, have been applied to scraped web 
data on both commercial sex ads and massage businesses (e.g., Coxen et al., 2023; Dubrawski et al.,  
2015; Keskin et al., 2021; Tobey et al., 2022; White et al., 2021). This line of research does not typically 
present analysis on prices or revenues associated with the ads. Even if they did analyze prices, online 
advertisements for sex are marketing tools may not represent actual people, costs, or services.

Social network analysis has been applied to human trafficking networks, typically obtained through 
the coding of law enforcement data (e.g., Cockbain, 2018). Mayorga et al. (2019) and Xie and Aros‐ 
Vera (2022) focused on network interdiction problems where victims are modeled as flow in a network 
that traffickers move to meet demand. Kosmas et al. (2023, 2022) provide an approach that models 
control as flow within a network and, therefore, help to capture this important dynamic between 
traffickers and victims.
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Some have used publicly available law enforcement case file analysis as data as well, including Xie 
and Aros‐Vera (2022). It is often easier to access this type of secondary data, thus making it easier to 
construct OR models and analytics that can use it as input and for testing purposes. However, the 
limitations of such data also extend to the analysis conducted by the analytical methods. Yet, there is 
a significant opportunity for the OR and analytical field to build models and data based on primary 
data sources. We contribute to the literature by creating one such model and gathering data to 
populate it for one type of trafficking network.

Konrad et al. (2023) suggest that the OR community will need to “grasp subtle yet distinctive 
nuances” (p. 320) associated with human trafficking in order to contribute to this area. They further 
argue that the OR community needs to be guided by domain expertise and should incorporate 
individual agency and survivor-informed approaches into modeling efforts. The latter is quite 
important since survivor-informed approaches will assure that OR models properly reflect the 
nuances of lived experiences and help to identify unrealistic assumptions.

Forced Criminality in Sex Trafficking

There is a small but revealing literature on noncommercial sex-based forced criminality among sex 
trafficking victims. The issue of forced criminality, outside of the commercial sex market, affecting 
victims of sex trafficking helps to provide a fuller context of their experiences while trafficked. The 
problem of forced criminality is documented in recent writings on vacatur and expungement that seek 
to ameliorate the collateral consequences of arrest and conviction for forced criminality outside of 
commercial sex (e.g., Barnard, 2014; Devaney, 2022; Martin et al., 2018; Mullins, 2019; Walton, 2020). 
However, these sources do not provide detailed information about the nature and prevalence of these 
experiences.

Use of illegal substances by sex trafficking victims is well-documented in the literature and often 
results in arrest on drug charges, but this is not the only crime done during a victim’s trafficking 
experience. Jacobs and Richard (2016) led a survey within the National Survivor Network and reported 
that 40% of survey respondents were arrested on drug possession charges, 18.7% on drug sales charges, 
and 60% for noncommercial sex-related crimes. Mullins (2019) found that some sex trafficking victims 
use illegal drugs or steal basic necessities as part of their trafficking situations. Roe-Sepowitz et al. 
(2020) explored the concept of “trick rolls,” where sex trafficking victims rob sex buyers. They provide 
a characterization of 467 cases of trick rolls that occurred and were reported to police in Las Vegas, 
Nevada from October 1, 2017 – October 1, 2018. There were 14 different types of crimes committed 
across these cases ranging from theft to grand theft auto and robbery with a deadly weapon. Roe- 
Sepowitz (2019) also reports findings from a survivor roundtable that involved eight child sex 
trafficking survivors. The roundtable identified forced criminal activities including “transporting 
drugs, selling drugs, trafficking other victims, stealing from sex buyers, picking pockets on the streets, 
and shoplifting” (p. 10). Rodríguez-López (2020) provides an analysis of labor trafficking for criminal 
activities (outside of commercial sex), with many similarities to the criminal activities victims of sex 
trafficking are forced to commit (e.g., Roe-Sepowitz, 2019).

Given the dearth of published literature on forced labor outside of commercial sex, we provide 
information gathered from our survivor-centered advisory group based on their expertise. Table 1 
provides an overview of the types of activities that the advisory group knew victims to be forced to do. 
When asked who decides which type of non-sexual work or labor a victim does, members of the 
advisory group provided the following responses. “Generally, the trafficker tells them or it gets 
told to the bottom who tells them” and “it is mainly decided by the trafficker with the considera-
tion of information gathered . . . [the trafficker] looks at potential activities that the victim may be 
good at.” By controlling the actions of victims, traffickers force them to participate in criminal 
activities and thus likely react to revenue-generating opportunities within specific markets includ-
ing commercial sex and criminal activity markets. Given our focus on revenues and forced 
criminality, we do not consider the other forced labor activities in Table 1 but recognize they 
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also impact the experiences of victims. Further, it may be that a victim chooses to engage in 
another criminal activity in order to make money for the trafficker. As stated by a member of our 
advisory group:

Sometimes we would do non-sexual things without telling our perpetrator. As long as we made bank for that day, 
they usually didn’t care. But part of the power and control tactics involve us feeling like shit. That happens more 
often with the sex component.

Literature on Revenues in Sex Trafficking Networks

The revenues of sex traffickers and the economics of commercial sex is an important area related to 
understanding sex trafficking operations and our modeling approaches. Dank et al. (2014) estimated 
the size of commercial sex markets and reported findings on the average weekly revenues of sex 
trafficking cases across eight major United States cities. The average weekly revenues found post-2005 
in Atlanta and Denver was around $32,000, which is similar to data reported by Horning et al. (2020) 
obtained through interviews with “pimps” in Harlem, New York. After removing an outlier above 
$100,000, Horning et al. (2020) reported that the range of weekly revenues had an upper end of 
$31,500. Horning et al. (2020) also found that pimps had an average of six victims at a time, which 
informs the number of victims included in our analysis.

Background and Motivation Summary

In summary, our research is motivated by the gap in the literature on OR modeling of sex trafficking 
networks with forced criminality. Forced criminality poses significant challenges to understanding how 
a sex trafficker may react to interdiction or disruption of any of these illegal activities, especially in the 
context of ensuring that appropriate revenues continue to be generated by the operation. Throughout the 
OR model-building process, the practical expertise of our AG helped to ensure that our operational models 
were grounded in the lived experiences of those that encountered forced criminality in sex trafficking.

Methods

The methods for this study involved a specific approach to modeling. The research team included 
three categories: OR experts, qualitative researchers/domain expertise, and the advisory group subject 
matter experts made up of people who interact closely with survivors and survivor-leaders. Closely 
following the principles of participatory action research, we view all team members as having equally 
important and valued knowledge and we worked to build trust and common purpose across all 
members of the project (Bradbury, 2015; Brush et al., 2020; Gerassi et al., 2017). We were also 
cognizant of power differentials and sought to explore and balance this (Wallerstein et al., 2019). 
For example, all members of the advisory group were paid the maximum federal allowable rate for 
consultants to show value for their time as experts. This team spent more than three years building 

Table 1. Summary of Forced Activities from the Expertise of Our Advisory Group.

Forced Criminal Behaviors Forced (Legal) Labor Activities

Stealing or Theft Housework for trafficker or trafficker’s family
Selling Drugs Childcare for trafficker or trafficker’s family
Transporting Drugs Driving people around
Check Fraud Doing hair, nails, or make-up for the trafficker, other victims or the trafficker’s family

Working a legal job and giving wages to trafficker
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trust and learning each other’s language(s) (Martin et al., 2022). We refer to the OR and qualitative 
researchers as the “academic team” and experts on the survivor-centered advisory group as the 
“advisory group.”

OR modeling typically involves seven steps. According to Sharkey et al. (2021), the knowl-
edge of domain and lived experience experts should ideally be integrated into five of these 
steps. Figure 1, from Sharkey et al. (2021), provides an overview.

Our specific approach in creating the OR model brought participatory research methods 
into each of the five “domain expert steps” of Sharkey et al. (2021). Specifically, we developed 
a process, rooted in trust building and respect, which opened space for the advisory group to 
identify key issues (e.g., forced criminality) and share pertinent knowledge from which to build 
model parameters and assumptions (Martin et al., 2018). Below we describe the specific steps 
taken for each of the five steps displayed in Figure 1.

Identifying Important Contexts (1)

During advisory group meetings with the academic team, we discussed the current state of 
knowledge on trafficking operations and what was missing. The AG emphasized that forced 
criminality is an important area of work, especially given how criminal records inhibit 
survivors in their day-to-day life and can prevent recovery. Therefore, we decided to build 
a model of trafficking networks that could help understand how victims are forced or 
controlled into different criminal activities, outside of commercial sex.

Figure 1. Or modeling approach and areas where help is needed from trafficking experts. From Sharkey et al. (2021).
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Domain Expertise on Modeling Choices and Assumptions (2)

The OR team brainstormed assumptions for this model based on transcriptions of advisory group 
meetings and the literature. Through an iterative process, these assumptions were vetted first by the 
qualitative research domain experts and then reviewed deeply by the experts on the advisory group. 
Many of the initial assumptions did not sufficiently capture the lived experience perspectives necessary 
for us to abstract them into a model. In other words, they were incorrect or incomplete. For example, 
the academic team had initially assumed that there would be a capacity on the number of hours 
worked by a victim. The advisory group said that this was partially true in their experience, but that if 
a trafficker needed something done, they had to do it, no matter how many hours the victim had 
previously worked in a day. This required a modification of our model where we introduced the 
concept of “required activities” outside of the initial capacity. Similarly, the initial model parameters 
aggregated the weekly activities of victims within the trafficking network. AG members said that the 
amount of variation in day-to-day activities was significant enough that the model should include this.

Realistic Data (3 & 4)

Running a computational model requires data. For this model, we needed data about the revenue- 
generating criminal activities that may be performed, the hourly revenue received for performing such 
activities, the number of hours per day a victim is forced to work, and the number of hours of demand 
within criminal activity markets. There is very limited literature with this type of information. Kosmas 
et al. (2023) describes the types of data available on trafficking and the difficulties in obtaining realistic 
data.

The most accessible data are publicly visible and agency-collected data. However, these sources do 
not contain accurate information about revenues and work in illegal activities. Our modeling 
approach and data represents the deepest level of the data pyramid of Kosmas et al. (2023) (see 
Figure 2) because it focuses on the lived experiences of those involved in trafficking networks.

To compensate for this data challenge, the academic team identified two sources of published data 
(Dank et al., 2014; Horning et al., 2020) and supplemented and extended this with insights from the 
AG. The AG provided input on the set of revenue-generating criminal activities and the hourly 
revenue ranges for different commercial sex markets based on their expertise. The kind of data needed 
for modeling is generally not the way people with lived expertise think about trafficking. Therefore, we 
needed to work together to figure out how to answer these questions. We gathered initial thoughts 

Figure 2. The human trafficking data pyramid. From Kosmas et al. (2023).
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through online surveys of the AG, which were then refined through discussion. The surveys gave each 
AG member the opportunity to think and reflect on their own experiences; while discussions allowed 
for consensus building.

Initial surveys to understand the types of activities victims may be forced to perform include 
questions such as: (1) In our past meetings you have described the following examples of non-sexual 
work or labor that people are commonly expected, forced, or compelled to do as part of their 
trafficking situation? Please check all that you have seen or heard about (note: the list of examples 
came from past open discussions on the issue and included housework for the trafficker, taking care of 
kids for the trafficker or their family, stealing or theft, selling drugs, transporting drugs, driving people 
around, doing hair, nails or make-up, check fraud, and working in a legal job and giving pay to the 
trafficker); (2) What do you think is the MOST common kind of non-sexual work or labor that victims 
of sex trafficking are expected to do as part of their trafficking situation?; and (3) What did we miss in 
these questions about the non-sexual work or labor that sex trafficking victims are expected to do?. 
After scoping the model to focus on illegal revenue-generating activities, we asked survey questions 
such as: (1) How many days per week would a victim participate in [insert a particular activity’s 
name]?; (2) What was the range in terms of the number of hours per day a victim would participate in 
[insert a particular activity’s name]?; (3) What was the range in terms of money made per hour in 
[insert a particular activity’s name]?.

Interpretation (5)

The results of the analysis were discussed as a team and aligned with lived experience. The motivation 
for many traffickers is money and therefore disruptions that impact the most profitable parts of 
operations (such as commercial sex) would make trafficking less desirable. The amount of other illegal 
activities done by victims, based on the outputs of the models, also helps highlight the potential for 
victims to have a criminal record because of their time in the trafficking operation. This interpretation 
emphasizes the need to continue to advocate for vacatur and expungement.

Results

The Model

In this section, we provide an overview of the OR modeling efforts. The detailed mathematical 
formulation of these modeling efforts is described in the Appendix. We do, however, provide 
a guide to this formulation throughout our discussion below.

We propose to model a sex trafficking operation as a network. A network is a mathematical 
construct with a set of nodes, N, and a set of arcs, A, where a directed arc (i, j) exists from node i to 
node j if there is a relationship from i to j. For our modeling purposes, there are three distinct types of 
nodes: trafficker nodes, victim nodes, and market nodes. A directed arc exists from a trafficker node to 
a victim node if that trafficker can control that victim. A directed arc exists from a victim node to 
a market node if that victim can participate in an illegal activity within that market. Figure 3 provides 
an example network where we have 1 trafficker, 3 victims, and 6 illegal markets. The red arcs highlight 
a daily action of the trafficker and their interactions with a victim: they force the left victim to work for 
12 hours, eight of them selling sex at a strip club, two hours selling sex on the street, and two hours 
working in drug trafficking. Our data is based on examining weekly operations of a trafficking network 
by examining the network on a day-to-day basis. The set of arcs from victims to markets may vary 
from day to day, along with other characteristics of the trafficker(s), victims, and criminal markets. 
The key sets and parameters associated with the model are presented in Table 2 and the Appendix. 
These sets and parameters are important since we gather data to populate the model in later sections.

The actions of the trafficker are modeled as flow decisions on the arcs for each day. In particular, the 
flow decision on an arc from a trafficker to a victim on a particular day is how many hours that victim 
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is forced to participate in criminal activities (in the Appendix, ytjd). This is in line with the concept of 
modeling “flow as control” as introduced by Kosmas et al. (2023). The flow decision on an arc from 
a victim to a market on a particular day is the number of hours that victim is forced to work in that 
criminal activity on that day (in the Appendix, xjmd). Each hour a specific victim works in a particular 
criminal activity generates an hourly revenue for that activity. Each victim has a limited number of 
uptime hours, with uptime defined as participating in revenue-generating activities. We assume that 
the trafficker is interested in maximizing their profits, which is the objective function (Equation (1a) in 
the Formulation of the Trafficker Operations in the Appendix). These daily flow decisions are 
governed by a series of constraints that restrict the set of feasible decisions.

The daily constraints are as follows1 (1) There is a limit to the number of uptime hours of a victim, 
meaning that there is a limit to the number of hours the trafficker can force a victim to participate in illegal 

Figure 3. An example of control where the trafficker forces the victim to work different illegal activities.

Table 2. An Overview of the Mathematical Notation Capturing the Inputted Data in an 
Instance of the Interdiction Model.

Sets

M Set of all markets, m
V Set of victims, j
A Set of intervention activities, i
T Set of traffickers, t
D Set of days, d
Rjd Set of required criminal activities of victim j for day d

Parameters

rmjd Revenue generated in market m by victim j ($/hour) for day d
ubtjd Capacity of trafficker t to control victim j (“up-time hours”) for day d
Cmd Market capacity (hours) for markets m for day d
Ujmd Capacity of victim j to work in market m (hours) for day d
bj Resources required to remove victim j
ai Resources required to implement market-level intervention activity i
Pim Percent of market m disrupted by intervention activity i
B Overall budget level for intervention activities

1Here, we provide the corresponding constraint which can be found in the Appendix, in the section on the Formulation of the 
Trafficker Operations.
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activities (Constraint (1b)). (2) There is an overall limit to the number of hours all victims can work in a 
particular criminal market (Constraint (1c)). (3) The number of hours the trafficker forces the victim to 
work in criminal markets must equal the number of hours the victim actually works (Constraint (1d)). (4) 
There is a limit to the number of hours a particular victim can participate in a particular illegal activity/ 
market (Constraint (1e)). Finally, (5) there may be certain criminal activities that a victim must do on 
a particular day outside of their uptime limit (Constraint (1f)). Note that (4) helps to capture the amount of 
demand within a market, which will help us analyze interventions that can help disrupt a trafficking 
network by decreasing demand within these different criminal markets.

The model assumes that a trafficker makes decisions to maximize their overall revenue from the forced 
criminal activity over the course of a week (which can be easily extended to different time units), which is 
the objective function of the formulation (Equation (1a) in the Appendix). In addition to modeling the 
trafficking operations, we extend the model to understand where interventions can best disrupt the 
activities of the network. The goal of the interventions is to decrease the revenue the trafficker(s) receive 
from their operations as much as possible. In other words, the entity (or entities) intervening in trafficking 
seeks to minimize the maximum revenue of the trafficker. This type of network model is called an 
interdiction model, which is formally presented in the Appendix in the “an interdiction problem to disrupt 
the trafficking operations” section. In applying the model, we use the term “intervention,” as opposed to 
“interdiction,” to signify that we are thinking broadly about actions that can disrupt sex trafficking, 
especially those actions outside of law enforcement interdictions. We model two types of interventions: 
(i) the ability to remove victims from the trafficking network and (ii) a “market-level” disruption that 
decreases the daily capacity of one or more markets. The intervener has limited resources and, therefore, 
can only implement a limited number of these modeled interventions.

Model Assumptions

We have made many assumptions during this abstraction that limit the types of trafficking situations 
that are captured during our model. The assumptions that we have made on topics such as control are 
not true in all trafficking experiences and we recognize these limitations. Below, we present a summary 
of our key assumptions, along with a discussion of each.

● Assumption: The trafficker fully controls the activities of each victim in that they tell the victim 
exactly how many hours to work in each criminal market. Discussion: This is not representative 
of all trafficking situations; for example, victims may be given the autonomy to choose which 
activities to enter as long as they bring a certain quota back to the trafficker. Therefore, our model 
is more applicable to situations where the trafficker very specifically tells each victim their 
expectations of what the victim will do on a particular day. However, in practice this may not 
be a meaningful distinction as our AG notes that typically in a trafficking situation a victim has 
autonomy only after they have internalized the trafficker’s goals and can be “trusted” by the 
trafficker to carryout appropriate activities, such as increasing revenues. These decisions by 
traffickers represent a balance of efforts across multiple victims. The limited evidence we have 
suggests that traffickers would generally like to maximize profits but the process to do so may 
vary. Our AG suggests that traffickers would like to minimize their own efforts and therefore 
building this trust could help accomplish this goal. Horning et al. (2020) stated “There is much 
variation in terms of controlling behaviors, but they are not significantly related to economic 
rewards,” (p. 182) implying that this assumption may still provide insights to other models of 
controlling behavior.

● Assumption: The trafficker makes decisions in order to maximize their profits and the inter-
vener is focused on disrupting the profits of the trafficker. Discussion: Traffickers are often 
motivated by money and, therefore, this assumption captures these types of traffickers. The idea 
behind having an intervener focus on the revenues made by traffickers is that it will, ideally, shift 
the “steady state revenue” of trafficking down and make trafficking a less desirable choice for the 
trafficker.
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● Assumption: Our model does not include situations in which a victim is forced to engage in 
trafficking another person as a criminal activity. Discussion: We do not model situations where 
a trafficker forces a victim into criminal activity and then the victim traffics another victim. In 
terms of dynamics, these types of situations are especially complex and it is currently unclear how 
to capture this complexity within a mathematical model focusing on day-to-day or weekly 
operations.

● Assumption: Our model includes only direct revenue-generating forced criminal activities. 
Discussion: The uptime capacity of the victim is focused on the number of hours they may 
spend generating revenue for the trafficker. This capacity could be based on subtracting the 
number of hours they are forced to do non-revenue generating activities from their overall 
uptime. Therefore, despite the model not including these types of activities, it can indeed factor 
these activities into the data inputted into the model.

● Assumption: Our model does not consider the potential response of a trafficker to relocate to 
other, geographically distinct commercial sex markets. Discussion: Although geographic dis-
placement of criminal activities in response to disruptions is well-documented in the literature, 
little is known about displacement in the context of our considered model. Given that the 
trafficker is interested in their profits and that victims are known to be forced into other revenue- 
generating criminal activities, a natural response of the trafficker will be to continue operating 
within the geographic area of the impact of the interventions by varying the criminal activities 
they force victims to participate in. Alternatively, this assumption also captures situations where 
the types of market-level interventions that we consider impact the criminal activities across the 
range of potential geographic relocations of the trafficker. Although this assumption is limiting, 
this model is an initial step in understanding the range of reactions that may be implemented by 
the trafficker.

Overall, the proposed model and our analysis focus mainly on situations where each of these 
assumptions can be applied without losing the key features of a particular trafficking experience. To 
apply the proposed model and conduct analysis, we need realistic data to populate it. As noted above, 
very little published data is available to populate this kind of modeling.

Data, Revenues and Resulting Instances

We first determined the set of markets that should be included in the model. Based on the original survey of 
the AG (see Table 1), we included markets associated with drug trafficking, theft, and fraud. In addition, we 
decided to split the commercial sex market into three distinct markets: the nickel and dime market of 
commercial sex, selling sex in strip clubs, and escorting. These market types represent the wide range of 
activities and incomes across the commercial sex market. We have chosen to use the term “nickel and dime 
market” of commercial sex to represent the segment of the market that traditionally occurred on the streets 
but whose operational characteristics may be changing with the prevalence of online advertisements and 
cell phones. This is similar to the types of markets the pimps in Horning et al. (2020) operated in. Further, 
we purposefully avoid terms like “low end” that could be interpreted as characterizing the victims in this 
market. The term “nickel and dime market” came from the AG and was chosen as it represents how 
commercial sex buyers attempt to control market prices through aggressive negotiations.

Opportunities to cross-validate the results of the AG survey with the literature were extremely 
limited, especially in the markets of selling sex in strip clubs and escorting. Therefore, our analysis 
focuses mainly on sex trafficking networks operating in the nickel and dime market. Still, we report 
our findings across the three markets as it provides insight into future research. As additional data are 
collected related to our efforts, the model can be refined and/or data can be created to analyze other 
types of sex trafficking networks.

The next step involved estimating the range of hourly revenues for an activity within each of the six 
illegal markets, a range for the number of hours a victim may work in a market in a day, and how often 
a victim will work in a market. Inputs for these ranges were originally provided by our AG and resulted in 
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initial data for two specific types of sex trafficking networks: (1) a network composed of victims with 
substance use disorders working in the nickel and dime commercial sex market, and (2) a network 
composed of victims that can escort, sell sex in strip clubs, and work in the nickel and dime commercial 
sex market. We found literature related to the first network and integrated that knowledge with reports 
from our AG to produce reasonable data to analyze for these specific networks. However, literature on 
operations focuses on the second network (i.e., escorting and selling sex in strip clubs) is extremely 
limited and did not support our data collection efforts to a point where analysis could be done.

Data also came from the AG survey. The survey allowed AG members to share their significant 
experience with survivor support and advocacy as well as their extensive network of contacts across the 
United States who have experienced trafficking. Thus, although the sample size of the AG survey is 
N = 5, each member estimated being familiar with the stories and experiences of hundreds of 
trafficking victims. Therefore, their responses include their knowledge of a much broader range of 
experiences than the small sample size would suggest. Table 3 provides survey results for networks 
with the first focus (i.e., the nickel and dime commercial sex market only). Table 4 provides survey 
results for networks that operate across all three commercial sex markets.

In order to integrate the data gathered for networks with a nickel and dime focus with knowledge 
from the literature, we created procedures that would produce an expected weekly revenue of 
approximately $32,000 for the trafficker from commercial sex. The $32,000 estimate is similar to the 
average of the nine post-2005 cases in Atlanta and the average of the five post-2005 cases in Denver 
analyzed in Table 3.3 of Dank et al. (2014) and the upper end responses reported by Horning et al. 
(2020), after removing the highest outlier. We assume that the $32,000 includes activities within the 
commercial sex markets and activities outside of selling sex may increase the revenue for the trafficker.

After gathering these inputs, we needed a procedure to determine the hourly revenue of a day and 
the capacity on the number of hours for a victim and market combination. In order to determine the 
hourly revenue on day d of victim j in market m, we assigned probabilities that an hour would fall into 
the low, typical, and high revenue ranges. We then generated eight samples of hourly revenue based on 
these probabilities and set the hourly revenue equal to the average of these samples. These probabilities 
were determined to ensure that the expected weekly revenue, if victims could work all hours within all 
commercial sex markets, would be roughly $32,000, the estimate from Dank et al. (2014) and the upper 
end responses of Horning et al. (2020). We set the probabilities for the nickel and dime (ND) market in 
such a way that: 

Expected hourly revenue NDð Þ � Expected uptime NDð Þ � Number of Victims ¼ 32000 

Table 3. Initial Inputs for Networks with a Nickel and Dime Market Focus and Victims with Substance Abuse Disorders.

Market/Illegal 
Activity

Lowest Hourly 
Revenue

Typical Hourly 
Revenue

Highest Hourly 
Revenue

Hours per day 
(range)

Number of days per 
week

Nickel and Dime $0 $100–$300 $1000+ 1–8 hrs Every day
Strip Club N/A N/A N/A N/A 0
Escorting N/A N/A N/A N/A 0
Drug Trafficking $50 $250 $1200 1–3 hrs Every day
Fraud N/A $3,750 N/A 8 hrs Once per year
Theft 1–10 hrs Every day

Table 4. Initial Inputs for Networks Where Victims Participate in Diverse Commercial Sex Markets.

Market/Illegal 
Activity

Lowest Hourly 
Revenue

Typical Hourly 
Revenue

Highest Hourly 
Revenue

Hours per day 
(range)

Number of days per 
week

Nickel and Dime $0 $30–$50 $5000 Up to 12 hrs 6 days
Strip Club $0 $100 $5000 Up to 8 hrs Every day
Escorting $0 $1000 $40000 Up to 16 hrs Every day
Drug Trafficking N/A N/A N/A N/A N/A
Fraud N/A N/A N/A N/A N/A
Theft N/A N/A N/A N/A N/A

JOURNAL OF HUMAN TRAFFICKING 11



In our analysis, we focused on networks with the number of victims equal to five or six and a single 
trafficker. The number of victims equal to six is the average number of victims reported by Horning 
et al. (2020). We analyze the results of applying our interdiction model to five instances of each 
number of victims to understand trends that may exist.

To determine the hourly revenues from drug trafficking, we took a similar approach as we did for 
the commercial sex markets. In particular, once we determined the appropriate probabilities for the 
low, typical, and high ranges in commercial sex, we used these probabilities for the low, typical, and 
high ranges for drug trafficking and took three samples to generate the hourly revenue on a -
particular day for this market. For the fraud activity, the response indicated that it was not always 
available in the weekly activities but, when it was, it would have a high hourly revenue. Therefore, we 
generated whether the fraud activity appeared for a victim at a rate of 1/52, so that over the course of 
the year each victim would likely participate in it once, and then randomly selected which day it 
occurred during that week. If the fraud activity was present for a victim, it was assigned a day to be 
done with an uptime parameter of eight hours. We assumed theft would generate low hourly revenues 
(for our model, $25 per hour) but the results would be similar as long as the hourly revenues for theft 
were less than the hourly revenues of all other activities.

To this point, we have described the data regarding the daily uptime parameters (in hours) for each 
victim j and market m pair and the corresponding hourly revenue of having victim j work in market m. 
Next, we describe the overall uptime parameters for a specific victim on a specific day. We assumed 
that these parameters were uniformly distributed over the integers from eight through 16. This 
assumption means that a victim often has enough uptime to complete all the hours in the commercial 
sex market and participate in several hours in another criminal activity. We also randomly determined 
if there would be a required activity in the commercial sex market for a victim on a day. In cases where 
the hourly revenue of the commercial sex market of a victim is larger than the hourly revenue of any 
other criminal activity (which is often the case), we could relax the “required” from this activity and 
the victim would still participate in it since it generates the most revenue.

The overall capacities of the markets were based on ensuring that the priorities of the trafficker 
could typically be met without any interventions into the network. For example, the capacity of the 
commercial sex market was chosen to be 30, where the sum of the expected uptime parameters for this 
market across all victims was either 24 (six victims) or 20 (five victims). This implies that there is 
enough demand in the market that the victims would often spend an amount of time equal to the 
uptime in commercial sex (since it is most profitable among the activities that are available on a day-to 
-day basis) which would make sense since the trafficker’s primary operation is commercial sex. We 
assumed that the theft market was readily available (i.e., high capacity) and that the drug market was at 
or slightly above the sum of the expected uptime parameters across all victims.

Analysis Using the Model

The focus of our analysis is to understand how market-level interventions could impact the operations 
of a sex trafficking network. A market-level intervention is one that disrupts the capacity of the 
markets (in terms of hours), implying that the trafficker may need to adapt their operations in 
response. For example, if enough of the commercial sex market is disrupted, then a trafficker may 
have available time for a victim to participate in other forced criminality. We focused on this since 
interventions that focus on removing victims often result in the trafficker recruiting new victims (e.g., 
Kosmas et al., 2023) and thus, have very little impact on their long-term revenues (Martin & Lotspeich,  
2014). Our belief is that disrupting trafficking networks will require a multi-phase approach that 
includes removing victims from their trafficking experiences and impacting the motivation of traffick-
ers to continue their operations. Therefore, our analysis is not advocating to leave current victims in 
trafficking experiences but provides a perspective of how to decrease the revenues generated for 
traffickers through their network operations. A decrease in revenues will ideally increase the oppor-
tunity costs to recruit new victims when one is removed from the trafficking networks and may, in the 
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long-term, change the decision-making of the trafficker. Further, the focus on market-level interven-
tions allows us to brainstorm how to design interventions with certain desired impacts as opposed to 
measuring the impact of existing interventions. In other words, our results could suggest where to 
focus efforts to design interventions to have effective impacts on sex trafficking networks.

The proposed impacts of different interventions and a practical example that could achieve them 
are provided in Table 5. Note that we considered that certain interventions may impact multiple 
markets, thus altering the number of available hours to the trafficking operation at multiple market- 
level nodes. We further assume that the impacts of these interventions are independent of one another 
and, therefore, their impacts sum together as more interventions are implemented. This assumption 
may be limiting in practice. However, our model could be adapted to situations where there are 
correlations between the impacts of different interventions (either enhancing the overall impact or 
decreasing it) through advanced integer programming modeling techniques. We also assume that the 
intervention needs to be fully implemented, which is a common assumption in network interdiction 
problems.

We consider the impacts of these interventions on five instances of trafficking networks with six 
victims and five instances with five victims. We examine budget levels that allow for the implementa-
tion of one through six interventions to understand the priorities in terms of interventions and 
compare their relative impact. The instances were solved by implementing the single-level linear 
optimization formulation of the interdiction problem, discussed in the Appendix. All instances were 
solved using an academic license of Gurobi 9.5.2 on a MacBook Air with 8 GB of memory and 8 cores.

Before describing the analysis, we provide a summary of the data used to populate each instance. 
The reason for presenting the summary is that there is too much data to convey concisely for each 
instance. For example, for an instance of the six-victim network, there are 168 data points to describe 
the hourly revenue for each criminal activity for each victim and another 168 data points to describe 
the capacity of each victim to participate in the market. Table 6 provides a summary of the data we 
were able to gather for trafficking networks composed of victims with substance use disorders and 
focusing on the nickel and dime commercial sex market; as well as its connection to the notation used 
in Table 2 and the Appendix. This includes a summary of the justification for our data choices. An 
important note is that specific data were not available in relation to the interventions, which is 
a limitation of our analysis. We justify this choice since understanding the effectiveness of potential 
interventions into sex trafficking is in itself an important area of literature and gathering such data on 
numerous interventions is outside the scope of this study.

Our analysis looks first at the behavior of the trafficker, such as the selected flow decisions and their 
revenues, i.e., the objective of the interdiction problem, as we increase the number of interventions 
that can be implemented. We find that decisions of traffickers tend to focus on forcing their victims to 
participate in the nickel and dime commercial sex market as much as possible, except for when there is 
a fraud activity available. We postulate that fraud becomes an attractive option in situations where the 
revenues from the fraud activity are higher than the expected revenues of the nickel and dime market, 
due to our assumptions about trafficker motivations focusing on maximizing profits and that their 
decision-making is rational according to this objective. We can view the parameter associated with the 
market capacity on a particular day, Cmd, as representing the current “market share” of the trafficker. 
This means that we assume that interventions that impact the nickel and dime commercial sex market 

Table 5. Impacts, in Terms of Fractions, of Interventions on the Available Hours in Each Illegal Market.

Practical Example Nickel and Dime Sex Market Theft Illegal Drugs Fraud

Nickel and dime market criminal justice focus I1 0.2 0 0 0
Targeted demand reduction I2 0.15 0 0 0
“Street-based” criminal justice focus I3 0.15 0 0.15 0
Drug trafficking reduction I4 0 0 0.2 0
Fraud reduction I5 0 0 0 0.2
Universal basic income I6 0.05 0.05 0.05 0.05
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Table 6. Input Data into Our Instances and Its Justification.

Math 
Notation Description Input Data Validation and Justification

M Set of all markets Nickel and Dime Commercial Sex Market; 
Drug Trafficking; Theft; Fraud

AG expertise; similar activities discussed 
Jacobs and Richard (2016) and Roe- 
Sepowitz (2019)

V Set of victims Analysis includes 5 and 6 victims AG expertise; similar to number of victims 
pimps reported in Horning et al. (2020)

A Set of intervention 
activities

Hypothetical, with a focus on disrupting 
nickel and dime commercial sex market. 

Considered 6 interventions.

Currently, we test hypothetical impacts of 
interventions and leave estimating the 
effectiveness to future research

T Set of traffickers Analysis focused on 1 trafficker This is a common type of trafficking 
network

D Set of days All 7 days of the week Helps to represent the changes in the 
activities of victims during the course of 
the week as reported by the AG

Rjd Set of required criminal 
activities of victim 
j for day d

Focused on Nickel and Dime Commercial Sex 
Market; there was a 1/7 probability of this 
market being included on a particular day

AG expertise indicated that the required 
activities typically focused on calls to 
the trafficker from sex buyers. If 
revenues in this market are higher than 
all other revenues, the victim would 
complete work in this market first, 
without the required activity.

rmjd Revenue generated in 
market m by victim 
j ($/hour) for day d

Nickel and Dime: Set probabilities of low, 
typical, and high ranges from Table 2 to 
ensure that the traffickers’ expected 
weekly revenues from this market was 
$32000 

Drug Trafficking: Used the associated 
probabilities for low, typical, and high 
ranges from Nickel and Dime to generate 
expected hourly revenues 

Theft: Assumed to be $25 per hour 
Fraud: $3750/8

Nickel and Dime: We used the AG survey 
ranges and associated probabilities with 
each range to ensure that the expected 
weekly revenue was $32000, which was 
similar to findings of Dank et al. (2014) 
and Horning et al. (2020) on the weekly 
revenues of traffickers. 

Drug Trafficking: Based on AG survey. 
Theft: Assumed to be the lowest hourly 

revenue, results would be similar for 
any hourly revenue with this property 

Fraud: Given that the fraud activity would 
occur for one day for 8 hours and 
generate $3750, we have adjusted the 
hourly revenue accordingly.

ubtjd Capacity of trafficker 
t to control victim 
j (“up-time hours”) 
for day d

Uniformly generated between 8 and 16 hours This will allow the victim to participate in 
all Nickel and Dime activities, as well as 
a number of hours in other criminal 
activities. This helps simulate situations 
when not enough money was made in 
the Nickel and Dime market

Cmd Market capacity 
(hours) for 
markets m  
for day d

Nickel and Dime: 30 hours for 5 victim 
networks; 36 hours for 6 victim networks 

Drug Trafficking: 12 hours for 5 victim 
networks; 18 hours for 6 victim networks 

Theft: Uncapacitated 
Fraud: Uncapacitated

Nickel and Dime: These were chosen so 
that the available market was about 1.5 
times the expected number of hours the 
trafficker could meet with their set of 
victims. 

Drug Trafficking: Most days the network 
could meet all demand, if they focused 
on this market. 

Theft: Assumed to be always available. 
Fraud: Assumed that the availability of the 

action is the limiting factor
Ujmd Capacity of victim j to 

work in 
market m (hours) 
for day d

Nickel and Dime: Uniformly generated from 1 
and 8 hours 

Drug Trafficking: Uniformly generated from 1 
and 3 hours 

Theft: Uniformly generated from 1 to 10  
hours 

Fraud: Roughly, a 1/365 chance of it being 8  
hours; 0 otherwise

AG survey. They indicated that there were 
times when conditions allowed a victim 
to spend very little time in the nickel 
and dime market. They also indicated 
that fraud was often only done once 
per year.

bj Resources required to 
remove victim j

Arbitrarily large We did not consider removing victims in 
this analysis.

(Continued)
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will directly impact this market share, thus reducing the number of hours available for the trafficker to 
force their victims to participate in the nickel and dime market. In other words, interventions impact 
the “market nodes” (see, e.g., Figure 3).

Table 7 provides an understanding of how the optimal interventions affect the trafficking opera-
tions of the first instance of the six-victim network. In particular, each entry in the table provides the 
total number of hours that victims are forced to participate in the nickel and dime market on 
a particular day and the second entry provides the current available hours in the market to the 
trafficking operation. When no interventions are implemented (budget level = 0), the bottleneck for 
the nickel and dime market is the total number of hours victims are available to work in the market, 
not Cmd. This represents the fact that the trafficker could expand (slightly) their operations. When one 
intervention is implemented, we select the nickel and dime focused intervention, which decreases the 
available number of hours by 20%. This results in there being 28.8 hours available to the trafficking 
operation in this market. We see that four of the days now have this upper bound as the bottleneck. 
When two interventions are implemented, the nickel and dime focused intervention and street-based 
criminal justice intervention are implemented, which decrease the available number of hours for the 
nickel and dime market by 35%, resulting in 23.4 hours of availability for the trafficking operation. At 
this point, six days have this as the bottleneck. For intervention budget levels of three and above, we see 
that the bottleneck in the trafficking operations is the available number of hours in the nickel and dime 

Table 6. (Continued).

Math 
Notation Description Input Data Validation and Justification

ai Resources required to 
implement market- 
level intervention 
activity i

Assumed to be 1 Given our focus on hypothetical 
interventions, we assumed each 
intervention to cost the same amount in 
order to understand which 
intervention(s) might be most effective. 
The study used hypothetical 
interventions due to lack of data. Future 
research should identify the 
effectiveness and costs of such 
interventions.

Pim Percent of 
market m disrupted 
by intervention 
activity i

Hypothetical; provided in Table 4 Given our focus on hypothetical 
interventions, and the traditional 
difficulty in measuring effectiveness of 
such interventions, we hypothesized 
these parameters. Future research 
should identify the impacts of such 
interventions.

B Overall budget level for 
intervention activities

Varying; will consider budgets ranging from 1 
through 6.

This range allows us to understand which 
interventions are prioritized.

Table 7. The Number of Hours Victims Were Forced to Work in the Nickel and Dime Market and the Number of Available Hours in the 
Nickel and Dime Market for Instance 1 of the Six Victim Network Analysis.

Budget Selected Interventions Sun Mon Tues Wed Thurs Fri Sat

0 None (29, 36) (32, 36) (27, 36) (23, 36) (34, 36) (27, 36) (28, 36)
1 N+D focus (28.8, 28.8) (28.8, 28.8) (27, 28.8) (23, 28.8) (28.8, 28.8) (27, 28.8) (28, 28.8)
2 N+D focus, SB CJ focus (23.4, 23.4) (23.4, 23.4) (23.4, 23.4) (23, 23.4) (23.4, 23.4) (23.4, 23.4) (23.4, 23.4)
3 N+D focus, SB CJ focus, 

Demand Red
(18, 18) (18, 18) (18, 18) (18, 18) (18, 18) (18, 18) (18, 18)

4 N+D focus, SB CJ focus, 
Demand Red, UBI

(16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2)

5 N+D focus, SB CJ focus, 
Demand Red, 
UBI, Drug Red

(16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2) (16.2, 16.2)
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market, which we will soon see forces victims into other criminal activities. We do note that this trend 
associated with the flow decisions and how the trafficking network forces its victims into the nickel 
and dime market is similar for other instances.

Figures 4 and 5 provide the impact on the trafficker revenues as the number of interventions 
increases for the six- and five-victim networks, respectively. In examining these results, we observe 
trends that are consistent for both six and five victim networks. The budget level of three interventions 
is when all interventions with significant impacts in the commercial sex market can be implemented 
(interventions I1-I3). For all instances considered, with a budget level of three, the optimal interven-
tion decisions are to implement I1-I3. It is clear from these graphs that the impact is much more 
important than the interventions from the last three interventions. However, it is not always the case 
that we prioritize these interventions before others: it is their overall impact that is critical. Table 8 
provides an overview of the typical optimal intervention strategies as the budget changes, which were 
selected for eight of the 10 instances. The typical optimal intervention strategies prioritize interven-
tions that impact the nickel and dime market, where we will tie-break based on impacts to other 

Figure 4. Revenues of six victim trafficking networks as the number of interventions increases.

Figure 5. Revenues of five victim trafficking networks as the number of interventions increases.
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markets (e.g., we first implement I3 over I2 since I3 has the same impact to the nickel and dime market 
as I2 but also impacts drug trafficking). While this helps understand typical optimal intervention 
strategies, there are exceptions. For example, in instance 4 of the six-victim network, with a budget 
level of 1, the optimal intervention is to implement I5, which focuses on fraud reduction. This is 
because the fraud activity has a much higher hourly revenue than the commercial sex market for 
the day when fraud was present in these instances. Therefore, an intervention into disrupting the 
commercial sex market does not bring down its capacity (or demand) enough to disrupt the revenues 
of trafficking. This output is interesting in the sense that it offers an alternative approach to potentially 
disrupting sex trafficking networks and identifying victims – those that are committing some sort of 
fraud (e.g., benefits fraud, check cashing schemes). However, this is not always the case when fraud is 
present in the operation. For example, in instance 3 of the six-victim network, we do not prioritize 
fraud reduction early (it is implemented at budget level 5). The reason for this is that impacting the 
nickel and dime market, in this case, is more impactful due to a combination of the available hours and 
hourly revenues in this instance.

Further analysis of Figures 4 and 5 also suggest that the ability to implement all three interventions 
I1-I3 simultaneously is important in many instances; the decrease in the trafficker’s revenues from 
zero interventions to two interventions is actually smaller than the decrease resulting from moving 
from two interventions to three interventions. This helps to justify more resources being invested into 
disrupting the commercial sex market, such as reducing the demand for commercial sex, as smaller 
investments do not have as high of a return on investment. It is important to note that it is not morally 
or ethically appropriate to do nothing to intervene, even a small improvement helps victims of sex 
trafficking. However, our results suggest that the approaches used to justify an initial small investment 
should be re-applied to justify larger investments since the return on larger investments is more 
significant. In other words, investment of more resources at one time will likely result in a much bigger 
positive impact for victims.

We can also examine the changes in forced criminality after implementing interventions. We 
examined how the sex trafficking networks operate at an intervention budget level of three, meaning 
that there has been investment into disrupting the commercial sex market (essentially shrinking its 
size by 50%). Figures 6 and 7 show the percentage changes in the amount of time victims spend in the 
activities of commercial sex, theft, and drug trafficking.

In this analysis, it is clear that victims are forced to commit theft at a much larger rate 
once the commercial sex market is disrupted. We see changes of between 10% and 40% across 
all instances in terms of the hours spent committing theft. This is an interesting result in that 
it could suggest ways to identify potential victims of sex trafficking after interventions are 
implemented in the commercial sex market: the reaction of the traffickers could be to force 
victims into theft. In terms of drug trafficking, we see a low rise in this activity for all of the 
six victim instances and do not see a discernible pattern for the five victim instances. 
Intervention I3 does impact the drug trafficking activity, implying that the capacity across 
all victims for certain instances of the five victim networks for this activity may be dropped to 
a point where the network needs to react and alter activities in both commercial sex and drug 

Table 8. Optimal Intervention Strategies as the Budget Increases for All Five Victim Networks and Instances 1, 2, and 5 for Sic Victim 
Networks.

Intervention Budget Level

Practical Intervention Example 1 2 3 4 5 6

Nickel and dime market criminal justice focus I1 1 1 1 1 1 1
Targeted demand reduction I2 0 0 1 1 1 1
“Street-based” criminal justice focus I3 0 1 1 1 1 1
Drug trafficking reduction I4 0 0 0 0 1 1
Fraud reduction I5 0 0 0 0 0 1
Universal basic income I6 0 0 0 1 1 1
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trafficking. However, for the six victim networks, where the capacity of drug trafficking was 
not impacted, we do see a rise in the activity (mainly because theft has a lower hourly 
revenue, so it would make sense for the trafficker to first force their victims into drug 
trafficking). This is another interesting result and might suggest that victims may be forced 
to participate in drug trafficking at a higher rate, after interventions to commercial sex.

Figure 6. Percentage changes in forced illegal activities at three interventions for six victim networks.

Figure 7. Percentage changes in forced illegal activities at three interventions for five victim networks.
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Discussion

This paper describes an operational model of a sex trafficking network whose victims are forced to 
participate in a variety of different revenue-generating illegal activities. The motivation for such 
a model came from a survivor-centered advisory group who helped identify illegal activities of sex 
trafficking victims.

Our transdisciplinary research approach has combined OR modeling, participatory research, and 
lived experience to create a model, and data to populate it for a specific type of trafficking network, 
that aids in understanding how to intervene in trafficking networks that force victims to participate in 
multiple illegal activities. We elicited feedback on the assumptions of our model from the AG and 
identified data based on their collective expertise. The assumptions of the model were validated and 
verified through both their expertise and the existing literature on forced criminality. This project 
provides a salient example of how domain and lived experience expertise can be incorporated into 
computational modeling efforts and thus contributes to filling identified gaps in the literature (Dimas 
et al., 2022; Konrad et al., 2023). This is a novel approach to working around the severe data limitations 
in the human trafficking problem-space (Dimas et al., 2022; Russell, 2018; Zhang, 2009). The model 
presented here identifies important data needs for future work on disrupting trafficking. Specifically, 
modeling the revenue-based decision-making of traffickers requires a detailed understanding of both 
revenues and expenditures of sex trafficking operations. There is a paucity of this kind of data because 
the operations are illegal and the financials obfuscated and hidden by design (Farrell & Bright, 2016; 
Farrell & de Vries, 2019; Gerassi et al., 2017). Likewise, there is a limited literature on trafficker 
motivations (Barrick et al., 2023).

The model was extended to capture intervention situations aimed at disrupting the trafficking 
network and our analysis focused on disruptions that affect the size of the markets for the illegal 
activities. This paper contributes a new approach to thinking about decision-making in the absence of 
clear empirical data. Specifically, we find that forced criminality of sex trafficking victims outside of 
the commercial sex market offers the potential for successful disruption of trafficking. Further, 
disruptions in the commercial sex trafficking market may displace forced criminality into other 
activities, such as theft and drug trafficking.

In gathering data to populate our model, we triangulated survey responses from our advisory group 
with existing literature for trafficking situations whose focus was on the nickel and dime commercial 
sex market and victims with substance use disorders. Our model assumes a trafficking situation in 
which the trafficker exerts a great deal of control over victims. Our analysis and the results are 
therefore mainly focused on this type of trafficking. This model builds on research that seeks to 
understand the weekly revenues of sex traffickers, such as Dank et al. (2014) and Horning et al. (2020), 
by understanding how decision-making with respect to the activities of the victims influence these 
revenues. This modeling effort could offer a unique approach to understanding how interventions 
disrupt the profitability of sex trafficking operations, thereby decreasing one of the motivations for 
traffickers to operate in the space. We do note that our analysis focused on hypothetical interventions 
into criminal markets and more research is needed to understand the true impacts of such interven-
tions. Figure 8 provides an overview of our overall approach, as summarized in this discussion. Our 
contributions have implications for both research and practice.

Implications for Research

This paper demonstrates how academic researchers from different backgrounds can integrate expertise 
from those with lived experiences to co-produce research questions and methods to address them. Within 
the space of analytics applied to sex trafficking, the model was built through domain expertise at several 
crucial phases of the OR modeling process (Sharkey et al., 2021). Within the sex trafficking domain, the 
research contributes to an emerging understanding of forced criminality of sex trafficking victims outside 
of commercial sex markets. It is clear that detailed research is needed on the inner-workings of the markets 

JOURNAL OF HUMAN TRAFFICKING 19



for commercial sex and other illegal activities. Future research in this area should focus on collecting data to 
better populate the model for other commercial sex markets, such as escorting or selling sex in strip clubs. 
This should focus on primary data collection, which is often a missing piece of applying OR models in this 
domain (Dimas et al., 2022). This type of data collection would allow for a better triangulation of data 
across multiple researchers, which would help to validate any results coming from the analysis produced by 
the model.

From a modeling perspective, capturing situations where the victims have quotas that they must 
meet but have more autonomy in how to meet them would be of interest. Further, understanding and 
modeling the tradeoff between maximizing revenues and minimizing risks from trafficking could yield 
better insights into disrupting operations. Within our model, we could view the upper bound on the 
number of hours victims are forced to work and the limit on the number of hours worked in 
a particular market as helping to model the exposure or risk of the trafficking operation. Therefore, 
sensitivity analysis could be conducted on these parameters to see how revenues increase or decrease 
as the trafficker becomes willing to increase or decrease their risk.

It is further clear that additional research is needed to better understand the details of potential 
market-level interventions and their effectiveness in impacting the market share of a particular 
trafficking network. This may be quite difficult and require collecting data on the trafficking network 
both pre- and post- implementation of a particular intervention.

Implications for Practice

Our analysis found that interventions that impact the commercial sex market, which could include 
demand reduction strategies, had the most impact on the revenues of the trafficker, which is 
unsurprising given the focus of the trafficking network. In other words, if more money could be 
made forcing victims to traffic drugs, traffickers would do so. Importantly, we found that theft 
committed by victims would likely significantly rise if interventions focused on commercial sex 
were implemented. This analysis could help understand alternative ways to potentially identify victims 
of sex trafficking after interventions are made in commercial sex markets. It also provides another 
approach demonstrating the importance of expungement and vacatur laws.

Figure 8. An overview of the modeling, data collection, and analysis in this paper.
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Sex trafficking survivors as well as legal scholars and others advocate for stronger vacatur and 
expungement statutes as a way to address the significant harms that accrue to trafficking victims from 
forced criminality and having a criminal record (Barnard, 2014; Jacobs & Richard, 2016; Roe- 
Sepowitz, 2019). To illustrate, in Minnesota, sex trafficking survivors and others have identified the 
need for stronger expungement laws and easier processes to help survivors recover (Martin et al.,  
2018). This and advocacy efforts for criminal justice reform resulted in Ramsey County and the 
Minnesota State Attorney developing procedures to help people seal their records (e.g. https://www.ag. 
state.mn.us/Office/Expungement.asp). Trafficking victims may also be forced to participate in the 
legal sex market (e.g., stripping and webcamming), effectively amounting to labor trafficking within 
these industries. More research is needed regarding how sex trafficking is interwoven into broader 
ecosystems and markets.

Findings here have implications for attainment of two sustainable development goals (SDG) 
8.7 and 16.2. SDG 8 calls for “good jobs and economic growth,” with 8.7 calling for “effective 
measures to eradicate forced labor, end modern slavery and human trafficking.” SGD 16 called 
for “peace and justice,” with 16.2 calling to “end abuse, exploitation and trafficking in all forms 
of violence and torture against children.” Our model provides insights into the effectiveness and 
impact of measures to eradicate human trafficking, especially in efforts that focus on decreasing 
the profitability of exploitation networks. Our results suggest that vacatur and expungement for 
survivors is important due to the prevalence of forced criminality as a response to market 
interventions and will help to mitigate collateral consequences of victims’ trafficking 
experiences.

Limitations

This work has several limitations. The model itself focuses specifically on situations where a trafficker 
directly controls the activities of their victims. Our model, further, does not capture the issue of forced 
trafficking of others, i.e., when a victim is forced to traffic another victim. This is a complex trafficking 
experience and could be considered by later models that build upon this work. Further, our model 
does not account for forced labor within sex trafficking, which included activities such as childcare or 
household chores for the trafficker and their family. Our analysis is limited in that data were only able 
to be collected and triangulated on sex trafficking networks with a primary focus on the nickel and 
dime commercial sex market. Overall, there are limitations in the data and a need for detailed 
empirical data about these markets. Our design attempts to make reasonable estimates and assump-
tions based on very specific contexts.

In addition, there was some speculation in the implications of our analysis. Our focus on market- 
level interventions speculated that by decreasing trafficker revenues, in the longer-term may cause 
a trafficker to decrease the size of their operation and thus decrease victimization. We speculated on the 
impacts of the interventions modeled, with more research needed to measure the true impact and 
effectiveness of potential market-level interventions. Further, this is an initial step toward understanding 
the intersections between sex trafficking and other areas of forced criminality. Therefore, the broader 
effects of implementing the suggested impacts are not known and are beyond the scope of this study. It 
could be that these impacts would remove the primary source of income from some trafficking victims 
and could force them into more dangerous situations or criminal activities that carry higher penalties. 
Any future work should explore these potential unintended consequences and seek to address them.

Finally, the potential policy implications of this work are not yet apparent. It may be that the 
suggested interventions will decrease the activities within the commercial sex market but increase 
forced activities in other criminal markets and, therefore, could increase the number of people 
impacted by the criminal activities of the trafficking operation. We would argue that this would be 
beneficial to society overall since the other types of criminal activities may be significantly less severe 
than forcing victims into the commercial sex market. However, continued discussion is needed to 
weigh the potential impacts of sex trafficking as opposed to other criminal activities.
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Conclusion

This paper helps to model and understand how interventions into various criminal markets can 
impact the revenues of a trafficker within a sex trafficking operation. The model was built through 
expertise across a variety of academic and non-academic backgrounds to account for the forced 
criminality of sex trafficking victims. Analysis was done with the model for trafficking networks that 
have a focus on the nickel and dime commercial sex market since data could be both collected through 
our AG and triangulated with academic sources. Our results suggest that a rise in theft activities would 
occur should significant interventions be made into the nickel and dime commercial sex market.
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Appendix: Details of OR Modeling Approach

In the Appendix, we build out the details of our OR model and how we will go about solving it. We first introduce the 
Mathematical Notation that will be used throughout the Appendix. Our first modeling step is to build a mathematical 
representation of the trafficker operations, which focuses on the trafficker maximizing their profits subject to the 
practical constraints discussed in The Model section of the paper. We then introduce the mathematical model of our 
interdiction problem, which focuses on an intervener that will disrupt the trafficking network in order to minimize the 
maximum profits the trafficker can obtain. This formulation has a “min-max” structure since the intervener will seek to 
minimize the trafficker’s profits, while the trafficker will seek to maximize their profits. Therefore, we reformulate the 
interdiction problem as a single-level optimization problem by using the traditional duality-based technique for when 
the inner problem of an interdiction problem is a linear program. This reformulation allows us to implement it in 
a commercial software package and identify the optimal interventions, along with understanding the trafficker’s profits.

Mathematical Notation

We begin by discussing the sets, parameters, and decision variables that serve as the foundation of our modeling 
approaches.

Sets:

M Set of all markets, m
V Set of victims, j
A Set of intervention activities, i
T Set of traffickers, t
D Set of days, d
Rjd Set of required criminal activities of victim j for day d

Parameters:

rmjd Revenue generated in market m by victim j ($/hour) for day d
ubtjd Capacity of trafficker t to control victim j (“up-time hours”) for day d
Cmd Market capacity (hours) for markets m for day d
Ujmd Capacity of victim j to work in market m (hours) for day d
bj Resources required to remove victim j
ai Resources required to implement market-level intervention activity i
Pim Percent of market m disrupted by intervention activity i
C Arbitrarily large number
B Overall budget level for intervention activities

Interdiction Decision Variables:

ψi Binary variable that represents whether or not intervention activity i is implemented
zj Binary variable if victim j is removed from the network

Initial Network Decision Variables:

ytjd Flow from trafficker t to victim j on day d
xjmd Flow from victim j to market m on day d

Dual Network Decision Variables:

πjd Dual variable of victim j flow balance constraint on day d
πmd Dual variable of market m capacity constraint on day d
θjmd Dual variable of the capacity constraint of flow from victim j to market m on day d

θ
0

jmd Dual variable of the required flow from victim j to market m on day d for m 2 Rjd
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θtjd Dual variable of the capacity constraint of flow from trafficker t to victim j on day d
αimd Linearization variable of the product of market level interdiction i and the dual variable associated with the 
capacity constraint of market m on day d
βtjd Linearization variable of the product of victim interdiction j and the dual variable associated with the flow 

capacity constraint between trafficker t and victim j on day d

Formulation of Traffickers Operations

We now present a formulation that models the trafficker’s profit-maximizing behavior, subject to constraints on the 
number of hours victims can work and the capacity of the markets. 

Max
P

jPV

P

mPM

P

d2D

rmjdxjmd (1a) 

Subject to:

ytjd � ubtjd"j 2 V; t 2 T; d 2 D (1b) 

P

jPV

xjmd � Cmd 2 M; d 2 D (1c) 

P

tPT

ytjd �
P

mPM

xjmd ¼ 0"j 2 V; d 2 D (1d) 

xjmd � Ujmd"j 2 V;m 2 M; d 2 D (1e) 

xjmd ¼ Ujmd"j 2 V;m 2 Rjd; d 2 D (1f) 

ytjd; xjmd � 0"t 2 T; j 2 V;m 2 M; d 2 D (1g) 

Equation (1a) represents the objective of the initial model formulation. The objective maximizes the sum of the products 
of the revenue generated by victims working in different markets across the set of days. Constraints (1b) enforce that 
a trafficker cannot force a victim to work more hours than the upper bound control capacity limit for that day. 
Constraints (1c) ensures the total hours all the victims in a network work in a market does not exceed the market’s 
capacity for that day. For example, if a network has two victims that individually have the capacity to work market A for 
10 hours on a day, but the market capacity is 15 hours on that day then one victim can work their full 10 hours in the 
market, but the other victim can only work 5 hours in that same market. Constraints (1d) reaffirms that the total number 
of hours a trafficker controls an individual victim on a day is equal to the total number of hours that individual victim 
will work the markets on that day. Constraints (1e) ensures that an individual victim does not work a particular market 
more than their capacity limits of that market on a day. Constraints (1 g) represents the non-negativity constraint for the 
variables.

It is important to note that our formulation and solution approach would be easily adapted to situations where there 
are lower bounds on the amount of time a victim needs to spend in a market (so constraint (1f) becomes a “�”) to model 
the “required activities.” Further, it would not be difficult to extend the model, by adding an additional variable, to model 
a required activity in a market that generates a different revenue than standard activities within that market. These 
situations require a slight manipulation of the following reformulation.

An interdiction problem to disrupt the trafficking operations

We now consider an interdiction problem to disrupt the trafficking operations by removing victims from the network 
which then impacts the right-hand side of Constraints (1b) and implementing market-level disruption activities that 
reduce market capacity by impacting the right-hand side of Constraints (1c). We first define the set of feasible 
interdiction decisions as: Γ ¼ f Z; zð Þ :

P

i2A

aiψi þ
P

j2V

bjzj � B;ψi 2 0; 1f g"i 2 A; zj 2 0; 1f g"j 2 Vg. The initial inter-
diction formulation is: 
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Min ψ;zð Þ2ΓMax
P

jPV

P

mPM

P

d2D

rmjdxjmd (2a) 

Subject to:

ytjd � ubtjd 1 � zj

� �

"j 2 V; t 2 T; d 2 D (2b) 

P

jPV

xjmd � Cmd 1 �
P

iPA

Pimψi

� �

2 M; d 2 D (2c) 

P

tPT

ytjd �
P

mPM

xjmd ¼ 0"j 2 V; d 2 D (2d) 

xjmd � Ujmd"j 2 V;m 2 M; d 2 D (2e) 

xjmd ¼ Ujmd"j 2 V;m 2 Rjd; d 2 D (2f) 

ytj; xjm � 0"t 2 T; j 2 V;m 2 M; d 2 D (2e) 

Single-level linear optimization formulation of the interdiction problem

We now present the single-level linear optimization formulation of the interdiction problem. In particular, for a fixed set 
of interdiction decisions, the trafficker’s problem becomes a linear program. Therefore, we can take the dual of the linear 
programming formulation and then apply a standard linearization technique to the product of the dual variable and the 
interdiction variables. The single-level formulation is: 

Min
P

m2M

P

d2D

Cmdπmd �
P

i�A

CmdPimαimd

� �

þ
P

t2T

P

j2V

P

d2D

ubtjdθtjd � ubtjdβtjd

� �

þ
P

j2V

P

m2M

P

d2D

Ujmdθjmd þ
P

j2V

P

m2M

P

d2D

Ujmdθ
0

jmd (3a) 

Subject to:

P

i2A

aiψi þ
P

j2V

bjzj � B (3b) 

πjd þ θtjd � 0"t 2 T; j 2 V; d 2 D (3c) 

�πjd þ πmd þ θjmd � rmjd "j 2 V;m 2 M n Rjd; d 2 D (3d) 

�πjd þ πmd þ θjmd þ θ
0

jmd � rmjd " j 2 V;m 2 Rjd; d 2 D (3c) 

αimd � πmd � 1 � ψi

� �

C 2 M; i 2 A; d 2 D (3f) 

αimd � C � ψi 2 M; i 2 A; d 2 D (3g) 

αimd � πmd 2 M; i 2 A; d 2 D (3h) 

βtjd � θtjd � 1 � zj

� �

C" t 2 T; j 2 V; d 2 D (3i) 

βtjd � C � zj " t 2 T; j 2 V; d 2 D (3j) 

βtjd � θtjd " t 2 T; j 2 V; d 2 D (3k) 
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πjd is free" j 2 V; d 2 D (3m) 

θ
0

jmd is free" j 2 V;m 2 Rjd; d 2 D (3n) 

θjmd � 0" j 2 V;m 2 M; d 2 D (3o) 

πmd; αimd; πmd; ; θtjd; βtjd � 0 2 M; j 2 V; t 2 T; i 2 A; d 2 D (3p) 

ψi; zjP 0; 1f g" i 2 A; j 2 V (3q) 

Equation (3a) represents the objective function of the dual of the inner problem (i.e., the problem faced by the trafficker 
once the interdiction decisions are fixed) where we have linearized the products of the interdiction decisions and the 
appropriate dual variables.

Constraints (3b) ensures that the sum of the budget’s used for removing victims from the network and executing 
intervention activities does not exceed the overall allotted budget for performing these actions. Constraints (3c) are the 
dual constraints associated with the flow variable, ytjd. Constraints (3d) are the dual constraints associated flow from 
a victim to a market, xjmd, for markets that are not required to be worked by victim j on day d. Constraints (3e) are 
similar constraints for those markets that victim j must work on day d.

Constraints (3f)-(3 h) are the linearization constraints for the product of ψi and πmd. Note that if ψi is equal to 0, the 
Constraints (3 g) force αimd to be zero as well. If ψi is equal to 1, Constraints (3f) and (3 h) imply that αimd is equal to πmd. 
Constraints (3i)-(3k) are the linearization constraints of zj and θtjd and have similar implications as the linearization 
constraints previously discussed when zjis equal to 0 or to 1.

Constraints (3 m)-(3q) are the appropriate variable restrictions. This single-level reformulation will be how we solve 
the problem for various interdiction budget levels since we can solve it using commercial integer programming software. 
In our work, we implement the model in Python and solve it using Gurobi.
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