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and Sex Trafficking in the 
United States: The Role 
of Census Tract and  
City-Level Factors

Ieke de Vries1

Abstract
Despite extensive theory and research on the geography of crime, few studies 
have examined the geography of commercial sex and sex trafficking through 
a criminological lens. As such, this study explores how social disorganization 
and routine activities help explain the geography of commercial sex venues, 
specifically illicit massage businesses (IMBs) that host commercial sex. 
Because IMBs have also been linked to sex trafficking, understanding which 
environmental contexts are conducive to their presence may also help identify 
sex trafficking premises. Findings from hierarchical logistic regression models 
indicate that both theories point to significant correlates of IMB placement in 
census tracts and cities, yet neither theory provides a sufficient explanation 
alone. Implications for future research and policy will be discussed.
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Introduction

Understanding the geographic patterning of commercial sex and sex traffick-
ing is essential for targeted community outreach, crime prevention and crime 
control strategies. Although research on the geography of commercial sex 
and sex trafficking operations is limited (Daniel-Wrabetz & Penedo, 2015; 
Lopez et al., 2020; Mletzko et al., 2018), recent work has begun to suggest 
that there is a geographic patterning to these operations. Specifically, the 
locations of commercial sex and sex trafficking operations have been related 
to ecological and situational features of specific areas such as counties (Huff-
Corzine et al., 2017; Lopez et al., 2020), census tracts (Chin et al., 2015, 
2019; Crotty & Bouché, 2018), or block groups within cities (Mletzko et al., 
2018). While commercial sex and sex trafficking are different practices, the 
vulnerability of the commercial sex industry to sex trafficking operations, 
which involves sexual exploitation through force, fraud, or coercion 
(Trafficking Victims Protection Act, TVPA, 2000), is widely recognized (De 
Vries & Farrell, 2019). Knowing the locations where commercial sex occurs 
may also be used to identify the premises that could serve as locations for sex 
trafficking.

Despite growing empirical support for a geographic patterning of com-
mercial sex and sex trafficking operations, few studies have utilized crimino-
logical theory to explain this patterning further (see, for a notable exception, 
Mletzko et al., 2018). Considering the interdependence of most crimes with 
place and human activities (Hawley, 1950), a criminological perspective can 
help identify other geographical correlates of crime and offers theoretically-
sound suggestions for why certain areas are more receptive to crime and ven-
ues hosting illicit practices.

Against that background, this study draws on criminological theories on 
the ecological and situational context of crime to examine the geography of 
illicit massage businesses (IMBs). IMBs are here defined as storefronts that 
host commercial sex—which is illicit in the U.S.—under the guise of legiti-
mate massage (Crotty & Bouché, 2018; Polaris, 2018). Although not all mas-
sage parlors are explicitly sexually oriented, this study focuses on a sample of 
1,368 IMBs where sexual services were offered according to online review 
data (explained further below). Notwithstanding differences in moral views, 
commercial sex in IMBs is connected to broader concerns around crimes and 
victimizations that have been observed in and around IMBs. For example, 
there is anecdotal evidence that IMBs host a wider scope of crimes such as 
sex and labor trafficking, assault and violence, homicides, and robberies 
(Dank et al., 2014; Polaris, 2018). In addition, prior research has demon-
strated that the presence of IMBs can increase local levels of crime and 
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disorder (Huff et al., 2019), similarly to how risky facilities such as bars and 
restaurants can have a crime-generating effect by attracting motivated offend-
ers (Bowers, 2014; Eck et al., 2007).

There are particularly elevated concerns about human trafficking in 
IMBs. The largest group of citizen calls to the National Human Trafficking 
Hotline in 2019 concerned IMBs (National Human Trafficking Hotline, 
2020). These citizen concerns about human trafficking have triggered a 
series of police responses using tactics similar to those that previously had 
been applied to control vice districts (see Farrell & Cronin, 2015), including 
shutdowns of IMBs, sting operations, and arrests of buyers, managers, and 
anyone else perceived to engage in illicit behaviors (de Vries, 2020). Despite 
widespread interventions against human trafficking, scholars, and practitio-
ners have criticized the effectiveness of traditional vice tactics for not being 
victim-oriented nor strategically targeted at the key drivers of the problem 
(e.g., Farrell et al., 2019; Wilson & Dalton, 2008). Effective policing tactics 
are problem-oriented and target the physical and social contexts in which 
crime occurs (Weisburd & Eck, 2004).

Motivated in part by the limited effectiveness of current efforts against 
human trafficking in IMBs, this study seeks to guide more effective and tar-
geted strategies by providing a comprehensive overview of the geographic 
features that are associated with the presence of IMBs. The emphasis on envi-
ronmental and ecological features is an essential departure from prior research 
that has focused on individual-based factors for engaging in commercial sex 
or sex trafficking (e.g., Choi, 2015). IMBs that host commercial sex are 
unique venues because they are difficult to identify solely based on their exte-
rior appearances. To then minimize the potential for IMBs to host or exacer-
bate crime and victimizations, it is essential to know where they are located. 
Before outlining further details on this study, the following sections begin 
with a review of the relevant background and theory.

Background and Theoretical Perspectives

Geographic Patterns of IMBs

As much as a social and physical environment can impact where commercial 
sex and sex trafficking occur (Huff-Corzine et al., 2017; Lopez et al., 2020; 
Mletzko et al., 2018), a few recent studies suggest that IMBs hosting these prac-
tices also exhibit a spatial and geographic clustering. For example, a recent 
study by Chin et al. (2019) using the locations of 916 online-promoted IMBs in 
New York (NYC) and Los Angeles (LAC) linked various geographic features of 
census tracts to the placement of IMBs. IMBs were more likely located in tracts 
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with a higher proportion of Asian and Hispanic residents (in LAC)—perhaps 
because IMBs frequently employ Asian and Hispanic staff—or tracts with 
higher median incomes, proximity to a business district, and smaller average 
household size (in NYC). The location of IMBs in higher-income areas in NYC 
contradicts earlier work using similar data by Chin et al. (2015), which reported 
an association between high poverty rates and the presence of IMBs in LAC and 
Orange Counties in California. The recent placement in higher-income areas 
might be explained by an online facilitation of the sex industry through reviews 
and classifieds, which has allowed commercial sex venues to move to areas 
where demand for illicit services is anticipated to be higher (Chin et al., 2019, p. 
5; see also Murphy & Venkatesh, 2006).

Another study by Crotty and Bouché (2018) examining the locations of 
228 IMBs in census tracts in Houston (Texas) underscored the role of similar 
neighborhood factors, finding a clustering of IMBs in tracts with a relatively 
larger Asian population, smaller average household sizes, and greater employ-
ment density (although with lower education, and fewer health care service 
and manufacturing industry employees). While not controlling for land use, 
the authors conclude that several of these factors may also relate to an urban 
infrastructure because IMBs oftentimes operate near business districts and 
retail establishments (Dank et al., 2014; Polaris, 2018), where there are often 
smaller average household sizes and less manufactory employment.

It follows from these prior studies that several ecological and situational 
features may determine the placement of IMBs. Yet, none of the above stud-
ies has been guided by criminological theory, which would point to addi-
tional socio-demographic factors or choice-structuring features such as land 
use or the presence of law enforcement.

The Theoretical Role of the Ecological and Situational 
Environment

This study considers the applicability of two fundamental theories in 
research on the geography of crime and crime-hosting facilities: social dis-
organization and routine activity theory. These theories were selected pri-
marily because several of the aforementioned geographic correlates for IMB 
locations align with components of both theories and recent work on the 
geography of sex trafficking further underscores their combined relevance 
(Mletzko et al., 2018).

Social disorganization theory posits that crime occurs in neighborhoods 
with increased social barriers and limited neighborhood relations and inter-
actions (Shaw & McKay, 1942, 1969). Neighbors would then be less likely 
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to act upon a set of shared values to maintain effective social controls 
(Bursik, 1988; Sampson & Groves, 1989). Along similar lines, Sampson 
et al. presented collective efficacy as the critical link between social disor-
ganization and crime. Higher levels of collective efficacy would reduce 
crime through a “social cohesion among neighbors combined with their 
willingness to intervene on behalf of the common good” (Sampson et al., 
1997, p. 918). Levels of social disorganization are commonly measured 
through socio-demographic proxy indices such as concentrated disadvan-
tage and socioeconomic status, racial/ethnic heterogeneity, and residential 
instability (Bursik, 1988; Kubrin & Weitzer, 2003; Shaw & McKay, 1942, 
1969). These factors can reduce social cohesion among neighborhood resi-
dents, making it less likely that they collectively call out crime (see, for a 
review, Kubrin & Wo, 2016).

While factors such as poverty or familial and residential instability have 
been identified as risk factors for sex trafficking (e.g., Choi, 2015), less is 
known about the association between neighborhood-level features of social 
disorganization and the likelihood of commercial sex or sex trafficking oper-
ations. An exception is a recent study by Mletzko et al. (2018), who used data 
about 235 sex trafficking offenses registered by the Austin Police Department 
(APD) between 2013 and 2015. Their study links higher levels of concen-
trated disadvantage at the block-group level to more registered sex trafficking 
offenses. However, residential instability and racial/ethnic heterogeneity had 
no significant effects.

Social disorganization theory offers potential explanations for the geogra-
phy of venues that host commercial sex or sex trafficking, perhaps in a simi-
lar way to how the theory’s relevance extends to explanations of what a 
neighborhood’s residents may perceive as undesirable establishments such as 
sexually oriented businesses (Edwards, 2010) or liquor stores (Snowden, 
2016). Low levels of community investment and informal social control may 
explain why residents in socially disorganized neighborhoods are less likely 
to report concerns about “unwanted facilities” as opposed to residents in 
socially organized neighborhoods who may object against their presence. 
Along similar lines, social disorganization can affect the placement of sexu-
ally oriented businesses through an anticipated likelihood for residents to 
object (Edwards, 2010; see also Hubbard et al., 2013; Prior & Crofts, 2012). 
Similarly, commercial sex venues tend to provoke strong local reactions 
(Hubbard et al., 2013), with concerns around commercial sex as a “nuisance” 
problem (Lopez et al., 2020). As such, the placement of IMBs in areas with 
smaller household sizes may “indicate massage parlors’ avoidance of areas 
where community opposition might be higher” (Chin et al., 2019, p. 12). 
However, socio-economic disadvantage has not consistently been linked to 
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the placement of IMBs, underscoring the need to consider alternative theo-
retical explanations.

Rather than focusing on structural disadvantage and informal social con-
trol, crime opportunity theories—which include routine activity theory—
explain the nonrandom distribution of crime through geographic differences 
in situational factors that influence a decision to commit a crime (Cullen, 
2010; Wilcox & Cullen, 2018). Specifically, routine activity theory places 
crime events within a triangle of actors that include motivated offenders, suit-
able targets, and capable guardians such as police or others with the ability to 
exert formal social control. Crimes occur when the (routine) behaviors of 
motivated offenders and suitable targets converge in time and space under 
weak capable guardianship (Cohen & Felson, 1979; Felson, 1987; Felson & 
Clarke, 1995; Felson & Cohen, 1980), for example when both offenders and 
targets are likely to be co-present in busy, retail areas where their presence 
raises little suspicion.

Routine activity theory may explain the placement of illicit storefronts 
such as IMBs as it has more broadly been used to explain the geography of 
illicit retail markets. Prior work by Eck (1995a) suggests that areas attract 
illicit retail markets when they are known to buyers, sellers, and others 
using illicit services (e.g., storefront managers), yet suffer from limited 
oversight by local guardians and place managers such as landlords turning 
a blind eye to crime (Eck, 1995a, 1995b; Felson, 1987). Eck thus empha-
sizes the goal-seeking behavior of five different actors: buyers, sellers, oth-
ers obtaining services or earning revenue through illicit means, capable 
guardians, and place managers. The commercial sex industry involves simi-
lar social actors who occupy space as they negotiate in time and place 
(Hubbard & Sanders, 2003; Lopez et al., 2020).

Most empirical research has tested routine activity theory, or other crime 
opportunity theories, through the presence or absence of spatial and physical 
cues. To illustrate, the presence of highways has been identified as a physical 
feature that is conducive to the presence of commercial sex (Lopez et al., 
2020) and sex trafficking (Mletzko et al., 2018). Highways offer buyers easy 
access, familiarity with the area, and relative anonymity because of increased 
activity. The importance of ease of access also aligns with crime pattern the-
ory, another crime opportunity theoretical perspective that argues that spatial 
and physical cues influence a would-be offender’s assessment of high likeli-
hood of rewards of engaging in crime against low risk and limited efforts 
(Brantingham & Brantingham, 2013).

Moreover, the clustering of IMBs in areas that are easily accessible or 
close to business districts and retail centers (Chin et al., 2019; Crotty & 
Bouché, 2018) speaks to a broader theoretical argument that crime 
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opportunities emerge along major nodes of activity where people naturally 
concentrate (Brantingham & Brantingham, 2013; Felson, 1987). While 
agglomeration effects might generally affect the location decisions of any 
legitimately operating retail business, crime venues also require limited 
oversight of capable guardians (Brantingham & Brantingham, 2013; Felson, 
1987). The illicit nature of the commercial sex industry in the U.S., along 
with concerns about human trafficking in IMBs, suggests that IMBs may be 
in areas with little police presence or where landlords neglect the fact that 
their buildings are used for illicit purposes.

The Present Study

This study utilizes unique online location data (see below) to examine 
whether the placement of IMBs that host commercial sex and potentially sex 
trafficking is intricately linked to physical environments in a way that aligns 
with social disorganization and routine activity theoretical perspectives. 
While these theories have different explanatory and geographic foci, recent 
work has begun to explore their shared emphasis on geographic factors con-
tributing to crime. In particular, neighborhood dynamics contextualize and 
supplement crime opportunity theories in explaining where crime occurs 
(Weisburd et al., 2014; Wilcox & Land, 2017). This study posits that a theo-
retical integration may help situate the placement of IMBs in a context of 
supply and demand, minimum suspicion by authorities, and little informal 
social control.

Consistent with theoretical expectations, the analyses examine three inter-
related hypotheses. First, it is hypothesized that the placement of IMBs is 
more likely in socially disorganized neighborhoods—as observed through 
higher levels of concentrated disadvantage, residential instability, racial/eth-
nic heterogeneity, and income inequality. Higher levels of social disorganiza-
tion may reduce informal social control, which can imply that residents are 
less likely to object against the presence of facilities hosting commercial sex 
(Edwards, 2010; Hubbard et al., 2013; Prior & Crofts, 2012). Second, given 
the market aspects of IMBs, it is hypothesized that IMBs are in retail centers 
or in proximity to a highway where buyer demand is anticipated to be higher. 
Third, it is expected that police have a guardianship role and that their pres-
ence in neighborhoods or cities reduces the local likelihood of IMBs.

These hypotheses are examined through online location data and spatial 
and geographic measures in a multilevel approach that models the placement 
of IMBs as a function of both neighborhood- and city-level features. While 
prior work has begun to address the association between neighborhood-level 
factors and IMB placement, the city-level context is important because the 
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geography of commercial sex, sex trafficking, and the facilities hosting these 
practices can differ across cities (see e.g., Chin et al., 2019). Moreover, the 
response to IMBs is often initiated by city-level authorities and involves 
strategies such as sting operations or police investigations into sex trafficking 
or related crimes (Polaris, 2018).

Methods

Study Sites

To ensure geographical variation in contextual dynamics and urban infra-
structure, data were collected for three states that differ in at least the number 
and size of cities, population density, and economic activity. All three states, 
Massachusetts, Washington, and Texas, have a substantive number of IMBs 
relative to other states and are major hubs of commercial sex and sex traffick-
ing according to the number of citizen calls to the national hotline (Crotty & 
Bouché, 2018; Polaris, 2018; de Vries, 2020). Authorities in all three states 
have devoted significant resources to locate and respond to crime in IMBs, 
although the specific response to IMBs differs by state due to different legis-
lations, training, and prioritizations (Polaris, 2018; de Vries, 2020). As a most 
obvious example, Massachusetts state law omits the components of force, 
fraud, or coercion that define human trafficking means in federal legislation, 
broadening the scope for human trafficking charges in comparison to other 
states that may target human trafficking in IMBs through alternative statutes 
(Coreno, 2021). Few strategies against IMBs are guided by rigorous analyses 
about the areas that are most likely to attract them, a gap in the current litera-
ture that this study seeks to address.

Data

Similar to prior research on the locations of illicit massage businesses (Chin 
et al., 2019; Crotty & Bouché, 2018; Huff et al., 2019), information about the 
specific locations of IMBs was extracted from a popular, publicly-accessible, 
and comprehensive national reviewboard.1 Customers of commercial sex 
(“Johns”) use this reviewboard to search by state and city for IMBs in their 
area and leave reviews with graphic details about the sexual services received 
and other details about the costs, the venue, judgments about the appearance 
and perceived age and racial and ethnic backgrounds of IMB staff. While 
recognizing that online user-based samples do not represent all IMBs, the 
digitized and detailed nature of the current sample helps identify specifically 
those IMBs where the presence of illicit commercial sex was confirmed in 
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customer reviews. As such, all IMBs in the current sample were reviewed for 
illicit sexual services. In addition, prior research has analyzed additional 
(implicit) concerns about human trafficking in the reviews for a substantive 
number of IMBs on this or alternative websites (e.g., Borrelli & Caltagirone, 
2020; de Vries & Radford, 2021). More generally, online location data offer 
an alternative approach to using official records that may be biased by such 
things as expertise, willingness, capacity, or prioritization (Cockbain et al., 
2020; de Vries & Radford, 2021), a limitation that particularly affects research 
on low-visibility crimes of which the geographies are typically difficult to 
discern. It is for this reason that user reviews and web forums are increasingly 
common in research on hard-to-reach populations, including buyers of com-
mercial sex or potentially trafficked persons (e.g., Holt & Blevins, 2007; Holt 
et al., 2014).

The locations were obtained for IMBs with at least one customer review 
between 2015 and 2017 and in cities with a minimum population size of 
50,000 to align with prior work on the situational and ecological context of 
crime that has focused on medium-sized and large cities. The initial sample 
size included a total of 1,423 IMBs in 115 cities in Massachusetts (N = 201), 
Texas (N = 941), and Washington (N = 281). The addresses of 99% of the 
facilities were successfully geocoded to coordinates and then to the 2017 
census tracts and place shapefiles from the U.S. Census Bureau. Census tracts 
are small geographic areas with an average population size of about 5,000 
residents and are frequently the unit of analysis for ecological theories of 
crime, including the studies mentioned above on IMBs (Chin et al., 2015, 
2019; Crotty & Bouché, 2018).2

Location data about IMBs were merged with geographically and, as far as 
possible, time-matching geospatial and population data for census tracts and 
cities. On census tract level, this included (1) demographic and socio-eco-
nomic data from the 2013 to 2017 American Community Survey (ACS), 
which was downloaded from the National Historical Geographic Information 
System (Manson et al., 2018); (2) spatial adjacency and distance measures 
calculated from census tract shapefiles; (3) geographical coordinates of 
police stations in the three states using Google’s Place Application 
Programming Interface (API), which were geocoded to census tract shape-
files; and (4) OpenStreetMap (OSM), an open-source and collaborative plat-
form containing geospatial data, to obtain comparable land use information 
across the three states. At city-level, information about population size was 
also obtained through the 2013 to 2017 ACS, and merged with information 
about the number of full-time police employees with arrest power from the 
2017 Census of Governments,3 and crime arrest data from the 2017 Uniform 
Crime Reporting (UCR) Program (Kaplan, 2020). After accounting for 
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missing data on geographic information, the analytical sample size involved 
a total of 1,368 IMBs, 4,318 tracts, and 104 cities. Institutional Review Board 
approval was obtained at Northeastern University (IRB 17-11-26).

Outcome Measure

The dependent variable represents whether or not a census tract had at least 
one IMB where commercial sex was reported between 2015 and 2017 
(1 = “Yes”). From the 4,318 census tracts, a total of 18.87% (n = 815) had at 
least one IMB (see Table 1). Most of these occupied census tracts had only 
one IMB (n = 534), compared to census tracts that had two (n = 169) or three 
or more (n = 112) IMBs.4

Tract-Level Covariates

Social Disorganization: The analyses included four measures as proxies for 
social disorganization: Concentrated disadvantage, residential instability, 
racial/ethnic heterogeneity, and income inequality. Concentrated Disadvantage 
was calculated by standardizing the average sum of the following standardized 
variables: percent families with an income below the poverty level; percent 
female-headed households with children; and percent of the tract population 
age 25 and older that was unemployed. Cronbach’s alpha between these three 
standardized items was .77 (95% CI [0.76, 0.78]). Residential Instability was 
calculated similarly using the following standardized variables: percent renters 
and percent of the population that changed houses in the past year (Cronbach’s 
alpha was .78, 95% CI [0.76, 0.79]). Racial/Ethnic Heterogeneity was calcu-
lated as 1−∑π2, where π refers to the proportion of each racial or ethnic group 
(Blau, 1977). A higher index represents a greater racial/ethnic heterogeneity, 
which for the current sample ranged between 0 (tract contains only one racial 
or ethnic group) to 0.803 (substantive population heterogeneity). The average 
was 0.478 (sd = 0.181). Income Inequality was included as the standard devia-
tion of the household income in the past year, which was calculated using the 
midpoints of each census-provided income bin. These midpoints were log-
transformed and multiplied by the number of observations in each bin such that 
means and standard deviations could be calculated (see Hipp & Kubrin, 2017). 
A higher standard deviation represents greater variation in mean income levels 
within census tracts. The average was 1.050 (sd = 0.259).

Routine Activities: Four theoretical constructs were created based on rou-
tine activity theory or broader crime opportunity theoretical perspectives. 
First, the percentage Male of a population was included as a proxy for poten-
tial buyer demand for sexual services in IMBs (x  = 0.494, sd = 0.042). Second, 
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to assess whether IMBs were systematically located around legitimate busi-
nesses, possibly to benefit from a shared pool of clientele or workers, or to 
minimize suspicion by authorities, a set of four binary variables were included 
that indicate whether a census tract had a higher percentage of commercial, 
retail, residential, or industrial land use than the city’s average (1 = “Yes”). 
These binary measures were preferred instead of using percentage land use 
because of substantial spatial differences in tract size. Because the number of 
residents determines the size of census tracts, smaller cities tend to have spa-
tially larger census tracts. This has complications for the calculation of land-
use measures. For example, a retail center of a small city may account for 
only a small percentage of a census tract, whereas an equally sized retail 
center of a big city more likely accounts for a bigger percentage of a census 
tract. Most census tract were residential areas (n = 1,322, 30.62%), followed 

Table 1. Descriptive Statistics for Tracts (N = 4,318) and Cities (N = 104).

Variable

Descriptive statistics

x /N sd/% Range

Dependent variable
 IMBs (1 = ’Yes’) 815 18.874 —
Tract Covariates  
 Population (log) 8.423 0.543 2.485 to 10.774
 Concentrated disadvantage 0 1 –1.784 to 7.359
 Residential instability 0 1 –2.012 to 5.761
 Racial/ethnic heterogeneity 0.478 0.181 0.000 to 0.803
 Income inequality 1.050 0.259 0.000 to 10.389
 Male 0.494 0.042 0.293 to 1.000
 Commercial center 586 13.571% —
 Retail center 833 19.291% —
 Residential center 1,322 30.616% —
 Industrial center 448 10.375% —
 Primary road 1,198 27.744% —
 Police within mile 1,167 27.026% —
City covariates
 City size >100,000 47 45.192% —
 Police agency size (per 1,000) 1.717 0.484 0.824 to 3.764
 Violent crime arrests (per 1,000) 5.176 2.847 0.782 to 16.131
 Prostitution arrests (per 1,000) 0.095 0.175 0.000 to 0.915
 MA 22 21.154% —
 TX 63 60.577% —
 WA 19 18.269% —
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by retail centers (n = 833, 19.29%), commercial centers (n = 586, 13.57%), 
and industrial centers (n = 448, 10.38%). Third, ease of access to IMBs was 
included as a binary variable representing whether a primary road (e.g., inter-
state highway) runs through a census tract (1 = “Yes”). This was the case for 
1,198 census tracts (27.74%). Fourth, to account for local guardianship, a 
binary variable representing whether a census tract was within one mile from 
a police station (1 = “Yes”) was included. Using the geosphere package in R 
(Hijmans, 2019), this measure was calculated using the shortest Euclidean 
distance from a tract centroid to the nearest police station. A total of 1,167 
census tracts (27.03%) were within one mile of a police station.

City-Level Covariates

Several covariates were included on city level. First, the analyses controlled 
for City Size, specifically whether or not (1 = “Yes”) a city had a population 
of 100,000 or more. This variable was included to control for nesting of IMBs 
in smaller cities, where theoretical mechanisms might work differently com-
pared to larger cities that have received more empirical attention. The sample 
includes 47 large cities versus 57 medium-sized cities. Furthermore, Agency 
Size was included as the total full-time police officers with arrest power per 
capita, which on average was 1.717 officers per capita (sd = 0.484). In addi-
tion, Violent Crime Arrest Rates were only available at the city level and 
included as the per capita arrests for murder, manslaughter, rape, robbery, and 
assault (x  = 5.176; sd = 2.847). Furthermore, the number of Prostitution 
Arrest Rates per capita was included to control for variation in police focus 
on prostitution-related offenses (x  = 0.095; sd = 0.175).5 Lastly, the analyses 
account for whether cities were in Massachusetts (n = 22, 21.15%) or 
Washington (n = 19, 18.27%). Texas was used as the reference category.

Analytical Approach

Hierarchical generalized linear modeling for binary outcomes was used to 
examine the placement of IMBs as a function of tract and city-level variables. 
Multilevel techniques do not violate the assumption of independent error 
terms (Raudenbush & Bryk, 2002) and are more appropriate than fixed-
effects models that would not allow for estimating city-level effects. To vali-
date the relevance of a multilevel model, an unconditional model, without the 
independent variables, was estimated to assess whether the odds of an IMB 
in a census tract (level one, i) depends on the city (level two, j), such that:

 Level1: y rij oj i j= +β  (1)
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 Level2 :β γ µoj oo oj= +  (2)

 Mixed : y rij oj ij= + +γ µ00  (3)

Here, the error terms are denoted with r for the census tracts and µ for the 
cities. Additionally, β0 j  is the intercept representing the average likelihood of 
an IMB in a city, and y00  is the overall intercept. A Likelihood Ratio Test 
comparing the unconditional model with an intercept-only model confirmed 
that the unconditional model was a significantly improved fit to the data 

(p < .001). Because a logistic distribution has a variance of 
2

3
, the between-

city variance of 0.811 corresponds with an approximation of an intra-class 

correlation (ICC) of 
0 811

0 811 2

.

. +
=

π
 0.198. Thus, 19.8% of the reliable varia-

tion in the outcome is attributable to city-level variation.
Next, the impact of level-one (X) and level-two (Z) variables will be esti-

mated as follows:

 Mixed: β γ β γ µoj

t

T

t t

c

C

c oj ijX Z r
ij c ij

= ++ + +
= =
∑ ∑00

1 1

00
 (4)

Here, T refers to the census tracts for which the impact of variables X will be 
estimated. C refers to the cities for which the contextual effect of variables Z 
will be estimated. Continuous variables were centered to avoid multicol-
linearity between the independent variables and the intercept and to facilitate 
interpretation. Each main effect can be interpreted as the effect of a variable 
when other variables were at their means of zero. Analyses were conducted 
in R (R Core Team, 2021) using the lme4 package for multilevel modeling 
(Bates et al., 2015).

Results

Table 2 presents the Odds Ratios (ORs) and 95% confidence intervals from 
the multilevel models. ORs above one are interpreted as an increased likeli-
hood of IMBs for a census tract in a given city. ORs less than one indicate a 
decreased likelihood of IMBs. Model 1 presents the findings of a mixed model 
(equation 4). Largely consistent with social disorganization theory (hypothesis 
1), the odds for IMB placement were between 1.5 and 6 times higher in census 
tracts with increased population (OR = 1.565, 95% CI [1.303, 1.878]), residen-
tial instability (OR = 1.326, 95% CI [1.202, 1.463]), racial/ethnic heterogene-
ity (OR = 6.437, 95% CI [3.418, 12.123]), and income inequality (OR = 1.697, 

π
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95% CI [1.175, 2.452]). An increase in racial and ethnic heterogeneity had a 
particularly substantial role as it was associated with a 544% increase in the 
odds for IMB placement.6 However, the negative impact of concentrated dis-
advantage contradicts social disorganization theory. IMBs were, in fact, less 
likely to be found in disadvantaged areas, with a decreased chance of 38% 
(OR = 0.621, 95% CI [0.552, 0.700]).7

Several other findings are consistent with routine activity theory (hypoth-
esis 2). First, the odds for IMB placement were 65% higher in census tracts 
with more retail activity than the average in a city (OR = 1.647, 95% CI 
[1.325, 2.046]). Second, census tracts that were easily accessible through pri-
mary roads also had a significant 30% increase in the odds to have IMBs rela-
tive to those that did not directly intersect with a highway (OR = 1.302, 95% 
[1.074, 1.578]). However, the impact of police presence is less clear (hypoth-
esis 3). Surprisingly, a police station within a mile distance increased the 
odds for a census tract to have IMBs with 27% (OR = 1.272, 95% CI [1.033, 
1.565]. This effect was less pronounced in large cities, which follows from 
Model 2 that adds an interaction term between a police station within a mile 
distance and a binary variable representing city population size that was 
larger than 100,000. Figure 1 presents the marginal effects of the interaction 
term to aid the interpretation of this effect. In small cities, the probability for 

Figure 1. Marginal effects of the interaction between police mile away and city size.
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IMB placement was higher in census tracts within a mile distance of a police 
station. In large cities, the difference in probabilities for IMB placement 
within or beyond a mile distance of a police station was negligible. Similarly, 
a larger city-level police force with arrest power was not significantly associ-
ated with IMB placement. An important variable at the city level was violent 
crimes per capita, which decreased the odds for a tract to have IMBs with 9% 
(OR = 0.908, 95% CI [0.847, 0.974]). Lastly, cities in Washington State had 
85% increased odds to have IMBs relative to Texas (OR = 1.848, 95% CI 
[1.155, 2.956]). There were no significant differences between Massachusetts 
and Texas.

To assess the rigor of the findings, a spatial lag of the residual errors from 
Model 2 (with the interaction term) was added in sensitivity analyses to con-
trol for a dependence of errors in the regression models. To determine if spa-
tial autocorrelation between census tracts was present, a Moran’s I using the 
residual errors was calculated for each city separately. Spatial weight matri-
ces were created using the spdep package in R (Bivand et al., 2013) and based 
on queen contiguity-based weights that consider tracts sharing a common 
edge or vertex as neighboring tracts. Significant spatial autocorrelation, 
which would occur when census tracts with IMBs would often be adjacent to 
each other, was identified in few cities (n = 4) and generally weak or modest 
(Moran’s I ≤ 0.249). However, a spatial lag in the regression model was asso-
ciated with 28% increased odds for a census tract to have IMBs (OR = 1.278, 
95% CI [1.054, 1.550]. This spatial effect had a negligible impact on the 
significance or effect sizes of other variables.

Discussion

This study examined the applicability of social disorganization and crime 
opportunity theoretical perspectives, specifically routine activity theory, to 
the geography of IMBs hosting illicit commercial sex. Nearly a fifth of a total 
of 4,318 tracts across 104 cities had IMBs. Hierarchical logistic regression 
models produced two general sets of findings regarding the geographic dis-
tribution of IMBs. First, the odds for a census tract in an average city to have 
IMBs were higher for census tracts with greater racial/ethnic heterogeneity, 
residential instability, and income inequality. These findings imply that cen-
sus tracts with higher levels of social disorganization and deprivation were 
more receptive to IMBs, perhaps because social disorganization increases 
social barriers and reduces informal social control, which can make it less 
likely that citizens object against crime or crime-hosting facilities (Bursik, 
1988; Sampson & Groves, 1989; Shaw & McKay, 1942, 1969). This explana-
tion aligns with prior research suggesting that community opposition can 
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indeed affect sexually oriented businesses (Edwards, 2010) or the placement 
of facilities hosting commercial sex (Chin et al., 2019).

However, concentrated disadvantage, a key pillar of social disorganization 
theory, had a theoretically (albeit perhaps not empirically) unanticipated 
impact. Notably, the odds for census tracts to have IMBs were lower in disad-
vantaged tracts. As such, the placement of IMBs was more likely in more 
advantaged areas, where collective efficacy tends to be higher (Sampson, 
2006; Sampson et al., 1997). While this findings contradicts empirical research 
on the geography of commercial sex and sex trafficking operations (e.g., 
Mletzko et al., 2018), including an earlier study that found a significant asso-
ciation between poverty rates and the placement of IMBs (Chin et al., 2015), 
it supports more recent research that reported more IMBs in census tracts with 
higher median incomes (Chin et al., 2019; Crotty & Bouché, 2018).

It is possible that the promotion of commercial sex through online classi-
fieds and reviews, which was the case for all IMBs in this study’s sample, 
explains the discrepancy between studies regarding the role of concentrated 
disadvantage. For example, prior qualitative research has described how buy-
ers use national reviewboards for commercial sex as a new source to identify 
illicit opportunities in areas that match their interests and routines (Blevins & 
Holt, 2009; Holt & Blevins, 2007). Because buyers of commercial sex can 
now rely on online reviews to separate illicit venues from their legitimate 
counterparts, an online promotion allows commercial sex venues to move to 
areas where demand is anticipated to be higher such as higher-income areas 
(Chin et al., 2019; Murphy & Venkatesh, 2006). While demand might be 
higher in advantaged areas, more research is needed to understand whether 
potential unawareness or benign neglect toward crime and potential victim-
izations in IMBs bypasses the informal social control mechanisms that keep 
out other illicit practices in advantaged areas.

Second, notions from routine activity theory and crime opportunity theo-
retical perspectives more broadly strengthened explanations of the geography 
of IMBs by pointing to increased odds of IMBs in areas with greater popula-
tion density, that intersected with a highway, and had substantive retail land 
use. These findings are largely consistent with prior research on commercial 
sex and sex trafficking operations (Chin et al., 2019; Crotty & Bouché, 2018; 
Lopez et al., 2020; Mletzko et al., 2018). The placement of IMBs in retail 
areas can be a strategy to benefit from business incentives and a shared pool 
of clientele from shopping malls, high-traffic areas, or retail stores 
(Brantingham & Brantingham, 2013). It may simultaneously be a strategy to 
reduce the risk of law enforcement apprehension when illicit businesses 
appear similar to their legitimate retail surroundings (Eck, 1995a; see also 
Mletzko et al., 2018). The placement of IMBs in direct proximity to a 
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highway is consistent with routine activity theory and crime pattern theory 
(Brantingham & Brantingham, 2013; Cohen & Felson, 1979; Felson, 1987) 
and empirical research on commercial sex and sex trafficking operations 
(Mletzko et al., 2018). Nonetheless, while highways may be a geographical 
correlate for the placement of IMBs because they feature in the awareness 
space and routine travels of motivated offenders or buyers (Brantingham & 
Brantingham, 2013), proximity to a highway can also facilitate the observed 
inter-city and inter-state rotation of IMB staff who are frequently rotated 
between IMBs within and across state lines (Dank et al., 2014; Polaris, 2018).

Census tracts with the above features attracted IMBs despite potential 
proximity to police stations even though routine activity theory hypothesizes 
that capable guardianship can prevent crime (Cohen & Felson, 1979; Felson, 
1987; Felson & Clarke, 1995; Felson & Cohen, 1980). A larger city-level 
police force also did not prevent the local likelihood of IMBs, although the 
role of police presence may depend on how police are deployed rather than 
the number of police officers (Nagin et al., 2015). Furthermore, a positive 
association between violent crime arrest rates and the placement of IMBs was 
expected considering the evidence on the variety of violent crimes occurring 
in IMBs (Dank et al., 2014; Polaris, 2018) and the previously-reported asso-
ciation between the presence of IMBs and an increase in local crime and 
disorder (Huff et al., 2019). However, the odds for census tracts to have IMBs 
were higher in cities with lower violent crime rates, perhaps because violent 
crimes are more often recorded in disadvantaged areas while commercial sex 
venues are moving toward more advantaged and under-policed areas where 
buyer demand is anticipated to be higher (Chin et al., 2019; Murphy & 
Venkatesh, 2006). Whether these areas will attract more crime due to the 
presence of IMBs is an outstanding empirical question that requires longitu-
dinal data. Lastly, except for a few larger cities, the analyses did not provide 
ample evidence for a spatial concentration of IMBs at the census tract level, 
which contradicts most criminological studies and prior work on the geo-
graphical clustering of IMBs (Chin et al., 2019; Crotty & Bouché, 2018). 
While warranting further research, spatial dispersion has been mentioned as 
a strategy in illicit retail markets to avoid local competition or law enforce-
ment attention (Eck, 1995b), which may be a likely strategy when buyers can 
find illicit venues online.

Several limitations may temper the conclusions of this study. First, while 
online reviews provided access to theoretically relevant and otherwise hard-
to-identify facilities and populations, some IMBs might not have been pro-
moted through online classifieds or reviews. The exclusion of these IMBs 
would introduce a bias when these premises were in systematically different 
areas than those observed in this study. Therefore, this study’s conclusions 
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are limited to online-promoted IMBs, considering that the processes to 
explain the existence of hidden or entirely offline IMBs might be different. 
Second, because of the association between retail land use and the placement 
of IMBs, one may question whether IMBs are truly distinctive from sur-
rounding legitimate businesses. With this question in mind, it is essential to 
reiterate that—while not all massage parlors host illicit commercial sex—this 
study examined the placement of only those IMBs where commercial sex 
was reported. Although IMBs may operate similarly to brick-and-mortar 
retail establishments (Crotty & Bouché, 2018), accounting for only situa-
tional correlates for retail establishments yields insufficient explanations for 
the placement of venues that also host illicit behaviors.

Third, while this study highlights that situational and ecological correlates 
matter for the placement of IMBs, future research is needed to disentangle the 
exact theoretical mechanisms through which these geographic correlates 
matter. For example, IMB placement in retail areas could be explained using 
both social disorganization and routine activity theory. Retail areas can pro-
vide a low-risk and profitable marketplace for IMBs. At the same time, infor-
mal social control tends to be lower in retail relative to residential areas 
because of the number of daily non-residents that are less likely to interact 
with each other (Wilcox et al., 2004).

Limitations notwithstanding, the findings underscore the importance of 
both ecological and situational correlates for the geography of commercial 
sex venues, supporting previous research on IMBs (Chin et al., 2019; Crotty 
& Bouché, 2018), commercial sex (e.g., Lopez et al., 2020), and sex traffick-
ing operations (e.g., Mletzko et al., 2018). This study addressed the geogra-
phy of IMBs through a criminological theoretical framework and a multi-level 
approach that included 104 cities across three U.S. states, adding theoretical 
and methodological rigor to prior work. In addition, this study’s framework 
draws on prior studies that have begun to integrate social disorganization and 
crime opportunity theories to explain where crime tends to concentrate 
(Weisburd et al., 2014; Wilcox & Land, 2017; Wilcox et al., 2003). This study 
extended the application of these theories to an understudied problem, under-
scoring the need for theoretical integration to identify those areas where illicit 
services meet demand under minimum suspicion by police, place managers, 
or residents.

On a practical level, the joint relevance of ecological and situational per-
spectives can direct crime-prevention and crime-control resources to areas 
where IMBs are most likely. Using this study’s findings, crime prevention 
strategies targeting IMBs can be geographically focused to raise local aware-
ness, strengthen informal social control, and reduce crime opportunities. 
Both social disorganization theory and routine activity theory provide 
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avenues for strengthening informal social control through supporting the 
development of neighborhood ties (Sampson & Groves, 1989), or relying on 
individuals and institutions that can regulate or monitor the behaviors of 
would-be offenders (Eck, 1995a; Felson, 1995). Measures that seek to 
strengthen informal social control within a community may include aware-
ness-raising strategies among residents, landlords, business owners in retail 
areas, and other “place managers” regulating the establishments. Knowledge 
about the locations that attract IMBs can also guide proactive strategies that 
seek to identify and prevent sex trafficking, for example through awareness-
raising and community outreach in certain areas to reduce vulnerability to sex 
trafficking victimizations. Altogether, this study sought to redirect the focus 
in research, policy, and practice from individual pathways into commercial 
sex and sex trafficking to the surrounding environments that are conducive to 
the presence of facilities that host commercial sex.
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2. When census tracts intersected with multiple cities, tracts were geocoded to the 
cities with which they had the largest spatial overlap. Census tracts without pop-
ulation were excluded.

3. Alternative data sources would be the Law Enforcement Management and 
Administrative Statistics (LEMAS) and the Census of State and Local Law 
Enforcement Agencies (CSLLEA). However, these datasets were less suitable 
for this study because the latest years covered were 2008/2013, and the data do 
not distinguish between officers with and without arrest power.

4. Sensitivity analyses using an ordinal distribution yielded no substantially differ-
ent findings.

5. Information about police officers or a unit specialized in human trafficking was 
omitted because recent information was missing for many municipalities. Local 
inquiries resulted in variation regarding how a human trafficking specialization 
was defined, which limited a reliable, standardized measure about the expertise 
on human trafficking within a department.

6. An additional model was examined wherein a measure indicating percent Asian 
residents replaced Blau’s index of racial and ethnic heterogeneity. Although the 
theoretical mechanisms may be different for these measures, an increase in per-
cent Asian residents was similarly associated with a 603% increased odds of IMB.

7. Several sensitivity analyses were conducted to unpack the role of concentrated 
disadvantage. Similar to prior work on IMBs (Chin et al., 2019; Crotty & Bouché, 
2018), all models were re-estimated with variables indicating household sizes 
and “median income” instead of concentrated disadvantage. In line with prior 
empirical work, household size was negatively associated with IMB placement 
and “median income” was positively associated with IMB placement.
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