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Abstract

Human trafficking has long- lasting implications for the well- being of trafficked people, families, and affected communities. 
Prevention and intervention efforts, however, have been stymied by a lack of information on the scale and scope of the 
problem. Because trafficked people are mostly hidden from view, traditional methods of establishing prevalence can be pro-
hibitively expensive in the recruitment, participation, and retention of survey participants. Also, trafficked people are not 
randomly distributed in the general population. Researchers have therefore begun to apply methods previously used in public 
health research and other fields on hard- to- reach populations to measure the prevalence of human trafficking. In this topical 
review, we examine how these prevalence methods used for hard- to- reach populations can be used to measure the preva-
lence of human trafficking. These methods include network- based approaches, such as respondent- driven sampling and the 
network scale- up method, and venue- based methods. Respondent- driven sampling is useful, for example, when little infor-
mation about the trafficked population has been produced and when an adequate sampling frame does not exist. The net-
work scale- up method is unique in that it does not target the hidden population directly. The implications of our work 
internationally include the need for documenting and validating the various prevalence estimation methods in the United 
States in a more robust way than was done in existing efforts. In providing this roadmap for estimating the prevalence of 
human trafficking, our overarching goal is to promote the equitable treatment and overall well- being of the socially disadvan-
taged populations who disproportionately experience human trafficking.
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Twenty years after the passage of the Palermo Protocol1 and 
the United States’ Trafficking Victims Protection Act,2 policy 
makers, service providers, and researchers have designed 
intervention programs, enacted legal remedies, and com-
pleted research studies on human trafficking (hereinafter, 
trafficking). Human trafficking occurs when a trafficker com-
pels someone to provide labor or services or to engage in 
commercial sex, or prostitution, through the use of force, 
fraud, or coercion; or abduction, deception, or the abuse of 
power or a position of vulnerability; or when a trafficker 
causes a child to engage in commercial sex (whether or not 
force, fraud, or coercion are used). The coercion can be sub-
tle or overt, physical or psychological. Human trafficking 
can include, but does not require, movement. People may be 
considered trafficked people regardless of whether they were 
born into a state of servitude, experienced exploitation in 
their hometown, traveled to the exploitative situation, 

previously consented to work for a trafficker, or participated 
in a crime as a direct result of being trafficked.1,3

What was once considered primarily a criminal justice 
concern is now recognized as a complex public health issue 
with wide- reaching consequences.4,5 However, prevention 
and intervention efforts are hindered by a lack of information 
on the scope of the problem and its nuanced components. 
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Because trafficked people are a hard- to- reach population, 
traditional survey sampling that relies on preestablished 
sample frames often produces unreliable and cost- prohibitive 
estimates, as well as incomplete information about the nature 
of trafficking. To create responsive interventions, research-
ers, practitioners, and policy makers need accurate and reli-
able data on the scope and magnitude of the problem and the 
people affected.

A public health approach relies on defining a problem, 
identifying risk and protection factors, and developing inter-
vention strategies.5 Although other approaches, such as 
criminal justice–focused approaches, intervene at the perpe-
trator level, a public health approach focuses on preventative 
measures and caring for the survivors’ mental and physical 
well- being posttrafficking.6,7 This type of approach, as 
applied to trafficking, relies on knowing the scope of the 
problem, which creates the need for accurate prevalence data 
on trafficking. Prevalence is defined as “the proportion of the 
population affected by a given condition at an exact point in 
time (stock) or over a specified time period (flow).”8 
Developing successful interventions hinges on understand-
ing the population experiencing exploitation; however, the 
population is often misunderstood, with concepts such as 
smuggling, legalized prostitution, or undocumented immi-
gration rendering interventions ill- informed by evidence and 
difficult to evaluate.

Research teams have released various prevalence measures, 
some estimating all forms of human trafficking as a whole and 
others estimating smaller segments of one particular trafficking 
population in a contained region.8,9 These large- scale estimates 
function as a powerful advocacy tool and serve as a benchmark 
for the United Nations Sustainable Development Goal related to 
trafficking.8,10,11 However, commonly cited estimates of sex and 
labor trafficking are criticized for being inaccurate or misleading 
because of weak methodology or inaccurate interpretation by 
the public.9,12

Researchers face 2 main types of challenges when gathering 
prevalence data: tangible and methodological. Tangible chal-
lenges, which are concerned with practical deficiencies, include 
lack of coordinated data systems, practitioner training, and con-
sistent survivor identification tools.8 Methodological challenges 
concentrate on difficulties in the scientific process, such as deter-
mining which trafficking elements to include in the prevalence 
count and the method(s) chosen to estimate the size of the popu-
lation. The lack of consistent definitions and standardized data 
collection used throughout trafficking research further compli-
cates prevalence estimates.4,13 Human trafficking encompasses 
many interconnected yet distinct types of exploitation, each 
needing nuanced and contextualized definitions. Implementing 
standardized and accurate definitions throughout the research 
community could lay the foundation for comparable data and 
frequently used terms.3,14 Although in 2015, the International 
Labour Organization created standardized statistics as a goal in 
its contribution to research and the United Nations Sustainable 
Development Goal 8.7,15 these legal definitions still need to be 

operationalized into measurable items across the research 
community.

In this topical review, we describe how researchers are using 
common prevalence methods for hard- to- reach populations to 
measure the prevalence of human trafficking. These methods 
include network- based methods and venue- based methods. We 
analyze the basic usefulness of each approach and discuss the 
relative usefulness of each method for studying various traf-
ficked populations. In providing a roadmap for estimating the 
prevalence of human trafficking, our overarching goal is to pro-
mote the equitable treatment and overall well- being of the med-
ically underserved populations that disproportionately 
experience trafficking. Isolation, stigma, fear of retribution by 
traffickers, fear of deportation, and other factors known to inhibit 
disclosure can exert pressure on survivors’ health care experi-
ences, health care access, and health services engagement. Our 
ongoing research in West Africa and collaboration with 6 inter-
national research teams inform ongoing efforts to estimate the 
prevalence of trafficking in the United States and globally. This 
review is not exhaustive; rather, it focuses on 3 methodolo-
gies—respondent- driven sampling (RDS), time–location sam-
pling (TLS), and network scale- up method (NSUM)—that 
actively engage with participants and/or their networks, in con-
trast to other prevalence methods, such as the capture–recapture 
method, which rely on administrative data. The reason for this 
focus is that although later methods can also generate valid esti-
mates, engaging with participants in research serves an import-
ant additional objective that goes beyond prevalence estimation 
by including the voices of trafficked people in designing ser-
vices that can effectively meet their health, social, psychologi-
cal, and economic needs.

Respondent-Driven Sampling (RDS)
Those who conduct research on hard- to- reach populations often 
use RDS because it can generate a study sample by relying on 
initial participants (“seeds”) to recruit other participants from 
their networks.16 For RDS to work, seeds are provided with a 
fixed number of referral coupons, with which they recruit peers 
fitting the study criteria. The referral coupons contain informa-
tion about the recruiter, sampling location, and other data 
required to map network characteristics.17 Using RDS, each 
seed receives 3- 5 referral coupons; however, this number can 
vary depending on the required sample size.17,18 RDS assumes 
that seeds and subsequent responders are known to each other 
and networked together and that these smaller networks are all 
linked to a single network.19 Therefore, RDS is most appropriate 
for groups that have some sort of social connection, such as traf-
ficked laborers.20

RDS has been used in prevalence studies of sex and labor 
trafficking as well as in studies of related populations, such as 
sex workers and undocumented migrant workers.18,21- 24 For 
example, Zhang implemented RDS to estimate the prevalence 
of labor trafficking among unauthorized migrant workers in San 
Diego.24 Chohaney used RDS to gather a sample of street- based 
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sex workers in Ohio to identify risk factors and determinants of 
sex trafficking.21 In both studies, RDS also provided detailed 
information about trafficking experiences, which resulted in 
public health interventions. For example, Chohaney’s preva-
lence research translated into tangible policy and practice rec-
ommendations for Ohio’s state government.22

Time–Location Sampling (TLS)

TLS is a venue- based method used to generate probability- 
based samples of hard- to- reach populations, such as people at 
risk of HIV, substance- using populations, and sexual minority 
groups at risk of trafficking.25- 28 The main premise of TLS is 
to access people on the basis of where and when they gather 
rather than their living spaces. For example, people experi-
encing homelessness might gather at local shelters for meals 
and services. A TLS frame is constructed using 3 tiers of ran-
domization: (1) randomizing from an exhaustive list of all 
relevant venues, (2) the days and times selected to enumerate 
potential participants, and (3) randomly selecting study par-
ticipants from the previously randomized venue at the ran-
domized time.

Researchers first catalogue all potential venues frequented 
by the study population.29 If a full census of venues is unlikely, 
researchers aim to locate as diverse a pool as possible. Venues 
are assigned to a day/time observational slot. Research team 
members observe the sites and record the characteristics, 
including movement patterns, of people who frequent each 
location. Research teams then randomly select venues and 
potential participants to interview. Weights are applied to 
ensure that the estimates produced are generalizable by 
accounting for clustering within venues and the unequal selec-
tion probability of people within venues.30,31 For example, 
when sampling clients of a homeless shelter, mealtimes and 
non- mealtimes would be weighted differently. Because some 
hard- to- reach populations have unpredictable congregation 
patterns, researchers generally use an iterative process in 
which venue characteristics are reviewed and considered for 
inclusion to accommodate diverse participants.26,28 Thus, TLS 
is a resource- and time- intensive approach requiring crucial 
foundational work.

Because TLS has not been widely used in trafficking research 
to date, examples are limited. However, TLS is promising in that 
it provides a way to access groups of trafficked people who can-
not otherwise be observed by traditional survey methods. For 
example, RDS studies have shown that people in forced labor 
might congregate in particular housing developments for shel-
ter.21 People who are trafficked for sex might be forced to con-
gregate in certain nightlife areas.32 Thus, researchers can review 
research on trafficked people through methods such as RDS in a 
particular geographic region or sector to identify known venues 
for TLS. Fully understanding how and where trafficked people 
congregate also provides ample information for targeted inter-
vention development.

Network Scale-up Method (NSUM)
The NSUM uses information about respondents’ networks to 
produce prevalence estimates.33 It has been used in public 
health to measure hard- to- reach populations, including sex 
workers and heroin users.34- 36 A major advantage of NSUM is 
that it allows for the estimation of target population size with-
out interviewing members of the target population, which is 
particularly useful when estimating the prevalence of 
trafficking.37

The NSUM assumes that people’s social networks are 
roughly representative of the local population. Thus, it is possi-
ble to determine the prevalence of a characteristic in the popula-
tion by knowing the average prevalence of the characteristic in 
respondents’ networks. To produce this estimate, researchers 
determine how many people are in each respondent’s network 
(ie, how many people the respondent “knows”). To increase 
response accuracy, researchers typically define “knowing” nar-
rowly. A typical definition is people (1) the respondent knows by 
sight and by name, (2) who also know the respondent by sight 
and by name, and (3) with whom the respondent has shared a 
meal in the last year.38 Respondents are asked how many people 
they “know” who are members of populations of known size, 
such as people with a particular last name or occupation.39,40 The 
size of the respondent’s network is then estimated from the prev-
alence of that characteristic in the population. For example, if 
the respondent knows 4 people with a particular last name, and 
400 people in the local population have that last name, then the 
respondent knows approximately 1% of the local population. 
Responses to several questions about populations of known size 
are averaged to produce an estimate of the size of each respon-
dent’s network. A similar logic is then applied to respondent 
reports about the number of people in their social network who 
have the characteristic of interest, which contributes to overall 
estimates of the prevalence of this characteristic in the 
population.

This method is easily applied to measuring the prevalence of 
trafficking. To estimate the number of people trafficked for sex, 
for example, respondents would answer a series of questions to 
determine how many people they know who have experiences 
that meet the definition of sex trafficking, as well as questions 
about how many people they know who have particular known 
characteristics. Network prevalence rates are then averaged 
across respondents and scaled up to produce population- level 
estimates of sex trafficking.

Methodology Summary
Each method of establishing prevalence in trafficking has 
strengths and weaknesses that affect their appropriateness in 
trafficking research. Notably, trafficking is not monolithic. The 
method that works best for measuring the prevalence of adult 
sex trafficking in Brazil may not be the best method for measur-
ing the prevalence of labor trafficking in agricultural sectors in 
the United States.
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Because of its peer- recruitment nature, RDS is useful when 
little information is available about the trafficked population and 
an adequate sampling frame does not exist. However, reliance of 
RDS on peer recruitment can create problems when participants 
decline to refer peers out of protection (masking) and when 
recruited peers do not meet the study criteria (volunteerism). 
Although TLS overcomes weaknesses associated with RDS by 
not relying on participant networks, it must account for both 
unequal selection probabilities and clustering.

Recent innovations have resulted in a novel approach known 
as Vincent Link Tracing Sampling (VLTS),41,42 which uses a tra-
ditional RDS recruitment process with a conventional sampling 
design, such as simple random sampling. Unlike RDS, VLTS 
uses a generously sized representative initial sample and only a 
few waves of sampling, so that it samples wide rather than deep 
to maximize the number of entry points. A large number of ini-
tial seeds is selected over well- dispersed geographic areas using 
administrative data. Additional linking is made by mapping the 
demographic profile from respondents who are recruited through 
someone’s network but are also part of another respondent’s per-
sonal network, which allows for sophisticated inference proce-
dures for population size estimation to be applied.

NSUM is unique in that it does not target the hidden popula-
tion directly. Although this feature makes NSUM useful when 
the hard- to- reach population cannot be accessed, it still requires 
population- level information on known characteristics, which is 
not always available in the developing world. These participant- 
engaging methodologies represent a handful of prevalence 
methods for hard- to- reach populations; however, they are cur-
rently being used to understand and estimate various sectors and 
geographic locations of trafficking. Thus, the selection of which 
method to use must be determined through careful consideration 
of data availability, resources, and the ability to correct for meth-
odological bias through factors such as random sampling or pro-
curement of multiple sampling frames.

Implications for Research, Policy, and 
Programming: Lessons From the Field

As members of the African Programming and Research 
Initiative to End Slavery (APRIES), we are using NSUM 
to estimate the prevalence of child trafficking in 6 hotspots 
in Guinea and Sierra Leone.42 Our experience indicates the 
importance of writing survey questions in consultation 
with local experts who are familiar with the prevailing cul-
ture to frame questions on this sensitive topic appropri-
ately. Careful consideration of the local context is equally 
important in developing questions about trafficking for US 
prevalence studies, given variations in how local commu-
nities understand trafficking and engage with the people 
affected by it.

Accurate, population- specific prevalence estimation is 
necessary for effective public health interventions and has 
been identified as a priority for public health research on 

human trafficking.5 Relying on a public health approach 
requires researchers to determine prevalence with preci-
sion and accuracy so that risk and protective factors come 
to light to inform strategic and implementable prevention 
strategies. Researchers have identified some ubiquitous 
social determinants of health that facilitate trafficking 
across sectors, including poverty, sex/gender, labor migra-
tion, and interpersonal violence.7,43 However, each obser-
vation of trafficking has its own determinants that can be 
combatted only when known. For example, the trafficking 
of both young people running away from the US foster 
care system44 and children in debt bondage working in 
South Asian brick kilns45 is linked to poverty; however, 
how poverty and relevant systems interact to create the 
conditions for each type of trafficking differs greatly. 
Unless an affected population is understood and the scope 
of the problem is seen, policy makers and practitioners are 
left in the dark. Trafficking is a public health issue; there-
fore, it is important that research exists to assist and pro-
tect survivors, hold perpetrators accountable, and reduce 
facilitators of trafficking.46

Although progress has been made in these areas, much 
can be done to integrate research, policy, and practice. The 
global community has raised an extraordinary amount of 
funding since the passing of seminal anti- trafficking legis-
lation.47 From 2000 to 2013, 30 countries committed more 
than $4 billion to anti- trafficking efforts. The United States 
led this funding surge, accounting for about 60% of the 
global total.47 Unfortunately, it is not possible to estimate 
the funding proportion dedicated to research in the United 
States or globally. Despite worldwide attention and anti- 
trafficking efforts, confusion remains about the scale and 
severity of the problem globally or locally. A 2018 litera-
ture review of 94 articles found that much of the extant 
trafficking research lacked clear conceptualization and 
definitions of trafficking, as well as evidence- informed 
empirical research to inform programs and policy.46 The 
varied methods and definitions have led researchers to 
question the veracity of prevalence estimates currently 
driving programming, policies, and massive funding 
expenditures.24,48- 50

Given the persistent challenges of prevalence research, 
US- based and other organizations have convened 5 round-
tables on human trafficking prevalence estimates, includ-
ing the Prevalence Reduction Innovation Forum (PRIF) 
kickoff virtual conference in May 2020, which APRIES 
coordinated with funding from the US Department of State 
Office to Monitor and Combat Trafficking in Persons.42

The PRIF research project will document the usefulness 
of various methodological approaches by implementing 
multiple prevalence estimation methodologies on the same 
human trafficking target population in a restricted geo-
graphic sector.3,42 Using corresponding methods in this 
way allows for evaluation of each method and provides 
practical information for the development of interventions. 
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The PRIF is supporting US researchers in their testing and 
comparison of multiple prevalence estimation methodolo-
gies in geographic hotspots in Brazil, Costa Rica, Morocco, 
Pakistan, Tanzania, and Tunisia. All PRIF partners are 
incorporating NSUM in their prevalence surveys and are 
also using 1 or 2 other estimation methods.3

Although the studies are international, the lessons 
learned will inform research in the United States in several 
ways. First, the PRIF produced a document of statistical 
definitions that is already being adopted by US scholars.3 
Second, we hope that a focus on geographically restricted 
research will be beneficial in increasing hotspot research 
in the United States, with relevant lessons learned for sim-
ilar trafficking sectors. Focusing programs and policies on 
hotspots should be more effective in reducing trafficking 
than general efforts directed toward wider populations. 
Third, the comparison of multiple estimation methods will 
place US funders in a position to determine the estimation 
methods that are a better fit for various contexts. For exam-
ple, lessons learned about the proper application of TLS 
could inform the study of trafficked and other socially stig-
matized populations in the United States, including undoc-
umented people, people at risk of HIV, substance- using 
populations, and sexual minority groups at risk of traffick-
ing. NSUM could be particularly relevant in rural US com-
munities, given its roots in low- resourced countries and 
indirect approach of prevalence estimation. A key element 
of the PRIF research project is a meta- analysis of all meth-
ods used by research teams to examine exaggeration ratios 
relative to each method that show by how much one 
approach produces higher or lower prevalence estimates. 
No current meta- analyses exist on prevalence measure-
ment of human trafficking. The PRIF research project will 
also examine the cost- effectiveness of each method and 
dimensions of heterogeneity that make one method prefer-
able in a given context. Findings of the meta- analysis are 
expected to be released by late 2022. Finally, a focus on 
trafficking hotspots together with the use of the most 
appropriate prevalence estimation methods will inform 
program effectiveness by translating prevalence data into a 
baseline for better monitoring and evaluation purposes.

This topical review offers insight into current preva-
lence methods for hard- to- reach populations and their rel-
evance to human trafficking science. As more is discovered 
about each sector and nuance of human trafficking, practi-
tioners and policy makers can use targeted strategies to 
support survivors. We hope that the next 20 years will see 
a revolution in prevalence estimation techniques for hard- 
to- reach populations, including trafficked people, thereby 
leading to a measurable reduction of the problem through 
evidence- informed programs and data- driven policies.
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