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Abstract

Background: The consequences of substance use disorders (SUDs) are varied and broad, affecting many sectors
of society and the economy. Economic evaluation translates these consequences into dollars to examine the net
economic impact of interventions for SUD, and associated conditions such as HCV and HIV. The nexus between
substance use and crime makes criminal justice outcomes particularly significant for estimating the economic
impact of SUD interventions, and important for data harmonization.

Methods: We compared baseline data collected in six NIDA-funded Seek, Test, Treat and Retain (STTR)
intervention studies that enrolled HIV-infected/at-risk individuals with SUDs (total n = 3415). Criminal justice
measures included contacts with the criminal justice system (e.g., arrests) and criminal offenses. The objective was
to develop a list of recommended measures and methods supporting economic data harmonization opportunities in
HIV and SUD research, with an initial focus on crime-related outcomes.

Results: Criminal justice contacts and criminal offenses were highly variable across studies. When measures grouped
by offense classifications were compared, consistencies across studies emerged. Most individuals report being arrested
for property or public order crimes (> 50%); the most commonly reported offenses were prostitution/pimping, larceny/
shoplifting, robbery, and household burglary.

Conclusions: We identified four measures that are feasible and appropriate for estimating the economic consequences
of SUDs/HIV/HCV: number of arrests, number of convictions, days of incarceration, and times committing criminal
offenses, by type of offense. To account for extreme variation, grouping crimes by offense classification or calculating
monthly averages per event allows for more meaningful comparisons across studies.
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Background
The consequences of substance use disorders (SUD)
are varied and broad, affecting many sectors of soci-
ety and the economy – personal health, public health
(e.g., the spread of infectious diseases), education,
workplace, social services, and criminal justice (Balsa
et al. 2009; Caulkins and Nicosia 2010; Gamarel et al.
2017; Godfrey et al. 2004; McCollister and French

2003; National Institute on Drug Abuse 2017). Eco-
nomic evaluation methods quantify the value of re-
sources associated with both an intervention and the
disorder, including the monetary value of these
multi-sectoral consequences.
A full economic evaluation comprises the compari-

son of two or more programs (e.g., intervention vs.
treatment-as-usual) and must include assessment of
both the costs and consequences of each program.
Cost-effectiveness analysis (CEA) is one economic
evaluation approach, which compares the cost of
treatment to its impact on a clinical effectiveness
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outcome such as substance use, HIV-risk, or mortality.
Results are expressed as an incremental cost-effective-
ness ratio, which describes the cost to achieve a unit of
outcome (e.g., a day of abstinence) in the intervention
condition relative to its comparator. CEA does not re-
quire the effectiveness measure to be translated into
dollars, and it allows for comparisons across a broad
range of healthcare interventions as long as they have a
common outcome of interest (Neumann et al. 2016;
Drummond et al., 2015). CEAs can be framed from the
healthcare sector perspective, the perspective of a spe-
cific payer, or the broader societal perspective, which
incorporates costs outside the healthcare sector such as
costs to patients and their families, criminal justice in-
volvement and social services utilization.
A cost-benefit analysis (CBA) compares the cost of

treatment to the economic benefits generated from
reduced costs to the health sector, other sectors (e.g.,
criminal justice, education, social services), and to pa-
tients/families, as well as increased productivity and
earnings (Drummond et al., 2015). To calculate eco-
nomic benefits, outcomes from these domains must
be translated into dollars using monetary conversion
factors (e.g., cost per overnight hospital stay, cost per
day in transitional housing, cost per day incarcerated).
CBA expresses results as net economic benefits
(benefit minus cost) and considers an intervention
cost-beneficial if the net benefit estimate is positive.
CEA and CBA provide economic evidence that com-
plements clinical evidence of intervention effective-
ness, as it informs stakeholders about the resources
needed to implement an intervention, the return on
investment in terms of cost to achieve desired out-
comes, and factors such as intervention scalability
and sustainability.
The National Institute on Drug Abuse (NIDA) con-

siders data harmonization in research pertaining to
substance use, human immunodeficiency virus (HIV),
hepatitis C virus (HCV), and other related diseases/
disorders a high priority research area (National Insti-
tute on Drug Abuse, 2014). Data harmonization
initiatives funded through NIDA highlight the import-
ance of having high quality data that can be synthe-
sized to promote more rigorous and generalizable
analyses of the impact of an intervention, program, or
policy (Chandler et al. 2015; Fortier et al. 2011;
Hamilton et al., 2011). The nexus between substance
use and crime makes criminal justice outcomes par-
ticularly significant for estimating the economic im-
pact of SUD interventions, and important for data
harmonization (Anglin and Perrochet 1998; Harrison
et al. 2001). Intersections between substance use,
HIV, and criminal justice involvement also highlight
significant health disparities in the United States.

African Americans, in particular, are more likely to be
incarcerated and have a higher risk of HIV infection
than Whites or Hispanics, sharing disproportionately
in the economic and social burden of SUD and HIV
(Aral et al. 2008; Binswanger et al. 2012).
NIDA funded a large-scale, prospective data collec-

tion and harmonization effort across 22 unique stud-
ies testing HIV continuing care interventions for
individuals with substance use disorders, referred to
collectively as the Seek, Test, Treat, and Retain
(STTR) Initiative (Chandler et al., 2017; Chandler et
al. 2015). The studies enrolled individuals with a sub-
stance use disorder who were either HIV positive or
at-risk for HIV and were divided into two groupings
– studies focusing on criminal justice populations and
studies focusing on vulnerable populations. Within
each grouping, STTR investigators worked collabora-
tively to define core research questions, outcome do-
mains and measures, and data collection and
management processes (Chandler et al. 2017; Chand-
ler et al. 2015; Montague et al., 2012; Montague et
al., 2011). All studies were expected to adopt the
agreed-upon core outcome domains, but they had
flexibility to define other outcomes of interest, includ-
ing measures that can be used for economic analyses.
Crime-related measures were not part of a core do-
main for the STTR studies focusing on vulnerable
populations, but many of these studies opted to in-
clude questions on arrests, charges, and other con-
tacts with the criminal justice system. The STTR
initiative provides an opportunity to examine the po-
tential for harmonization of clinical and economic
data that is feasible and appropriate for conducting
economic evaluations of interventions for substance
use disorders, HIV, and HCV.
In this study, we examined baseline crime-related

measures from six STTR studies, to identify outcomes
that are similar across studies and conducive to an
economic evaluation. Costs associated with criminal
activity include tangible costs to the criminal justice
system (e.g., police protection, legal and adjudication,
incarceration), to victims (e.g., property damage), and
to society (e.g., lost productivity), as well as intangible
costs to victims (i.e., pain and suffering) (McCollister
et al. 2010). In evaluating the net impact of an inter-
vention, failure to account for reductions in criminal
activity costs may result in undervaluing it from pub-
lic payer and societal perspectives. The primary
objective of this study was to review commonly col-
lected outcome measures and propose standard mea-
sures that can be used for estimating the costs of
criminal activity and criminal justice outcomes from
different stakeholder perspectives. We consider strat-
egies to harmonize economic data across different
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studies and assessment timeframes. The implications
of translating criminal activity measures into dollars
are discussed. Results will inform future study designs
for economic evaluations and broaden the scope of
economic impact analyses.

Methods
To gain access to STTR data, we submitted a concept
proposal to the STTR Data Coordination Center at the
University of Washington, which was reviewed and ap-
proved (April 2016). Given the sensitive nature, these
data are not publicly available. Individuals interested in
collaborating or working with these data should contact
the STTR Data Coordination Center at sttr@uw.edu. For
our study, we selected six STTR studies based on avail-
ability of at least two pre-specified crime-related mea-
sures and completeness of baseline data at the time we
made our data request.
Table 1 provides an overview of the studies including

study objective, population, primary outcome, sample,
setting, and timeline. Two of the studies worked with
criminal justice populations (BRIGHT 1 and 2); the

remaining four studies worked with vulnerable popula-
tions (RETAIN, STRIDE 1 and 2, PACTo). Collectively,
these studies represent 1010 HIV-infected and 2405
at-risk for HIV individuals. Outcome data are based on
self-report by study participants.
Crime-related measures included contacts with the

criminal justice system (arrests, charges, convictions,
incarceration) and criminal offenses. We first reviewed
measures within each study to identify outcomes that
are comparable across studies and could potentially be
used for economic analyses. A prerequisite is that vari-
ables must represent counts (e.g., number of arrests).
Dichotomous measures such as “ever been arrested”
or “ever committed an illegal act” cannot be mone-
tized for use in economic evaluations. An additional
consideration is that while the baseline costs of crim-
inal activity can serve as an important comparator or
predictor of post-intervention costs, to estimate re-
duced crime costs during an intervention period (at-
tributable to the intervention), baseline and follow-up
data are required and should represent equal recall
timeframes. For example, comparing the costs of “days
incarcerated over lifetime” at baseline and “days

Table 1 Economic data harmonization in STTR studies - study descriptions

Study Objective Population Primary
Outcome(s)

Sample
Size

Location Timeframea

Project RETAIN:
Providing Integrated
Care for HIV-Infected
Crack Cocaine Users

to evaluate the efficacy of an
integrated “retention clinic” in
achieving virologic suppression
compared to treatment as usual

HIV-infected cocaine
users

virologic
suppression at
12-months

360 HIV clinics in Miami,
FL and Atlanta, GA

2013–2017

BRIGHT 1: Baltimore-
Rhode Island Get
HIV Tested

to determine acceptability of on-site
rapid HIV testing versus off-site referral

probationers and
parolees not known
to be HIV positive

undergoing
HIV testing
and receipt of
HIV testing
results

2405 community
corrections offices in
Baltimore City, MD
and Providence /
Pawtucket, RI

2011–2016

BRIGHT 2: Baltimore-
Rhode Island Get
HIV Tested

to determine effectiveness of HIV
linkage to care comparing intensive
case management to treatment as
usual

probationers and
parolees with known
HIV-infection

HIV treatment
engagement
and retention

100 community
corrections offices in
Baltimore City, MD

2011–2015

STRIDE 1: HIV,
Buprenorphine, and
Criminal Justice

to compare buprenorphine treatment
to placebo for opioid dependence
treatment

HIV-infected,
community-supervised
defendants or offenders
with opioid
dependence

HIV-related
outcomesb

50 Washington, DC 2012–2018

STRIDE 2: HIV,
Buprenorphine, and
Criminal Justice

to examine if there are differences in
HIV, drug use, and other outcomes
among individuals receiving treatment
versus individuals actively using, not
actively using and not in treatment,
and individuals on methadone,
Suboxone, or in some other treatment

HIV-infected adults
with opioid-
dependence eligible
for Medicaid or other
insurance

HIV-related
outcomesb

100 Washington, DC 06/2014–
10/2014

PACTo: Enhanced
Access to HIV Care
for Drug Users in
San Juan, Puerto
Rico

to implement and evaluate a
community-level, structured approach,
the “Enhanced HIV Care Access and
Retention Intervention”

drug users living with
HIV

virologic
suppression
every 6-months
for up to
36 months

400 five communities in
San Juan, PR

2014–2017

aTimeframe is defined as years in which partipiants were first and last enrolled
bHIV-related outcomes include viral load, CD4 count, retention in care, HIV risk behaviors
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incarcerated during past 90 days” at follow-up is not
meaningful.
A database of crime/criminal justice measures rep-

resented in two or more of the selected STTR studies
was constructed, allowing us to proceed with data
cleaning, organization, and quality checks. Variables
were evaluated in terms of missingness, logical incon-
sistencies (e.g., reporting an arrest but not reporting
the charge), as well as basic coding issues such as in-
valid character values. Measures were grouped into
four categories used by the Bureau of Justice Statistics
and FBI Uniform Crime Reporting System: (1) prop-
erty crimes; (2) violent crimes; (3) public order
crimes; and (4) enterprise crimes (Truman and Mor-
gan 2016; U.S. Department of Justice, 2004). Table 2
summarizes the individual offenses included within
each crime category organized by offenses with/with-
out monetary conversion factors (MCFs).
Baseline criminal activity measures were reported

across varying time frames: past 90 days (2 studies),
past 6 months (2 studies), and past 30 days (2 stud-
ies). To normalize different baseline assessment time-
frames for self-reported crimes and incarceration, we
created measures of average number of offenses per
30 days and average days incarcerated per 30 days.
We considered an alternative approach to adjust data
by extrapolating to the longest reference period,
which was six months. For instance, “past 90 day”
number of times arrested can be multiplied by two to
represent a “past 6 month” timeframe. Both adjust-
ments rely on a limiting assumption that the rate of
arrest or offending remains constant over time; al-
though, creating an average with real data points vs.
adding data points through extrapolation was deemed
a more conservative and therefore preferred approach.
Descriptive statistics were constructed for each study.

Given the importance placed on arithmetic mean values
in economic evaluations in order to draw policy-relevant
conclusions for population health (Neumann et al.

2016), a one-way analysis of variance (ANOVA) was per-
formed to assess differences across studies. Due to the
long right tail on the distribution of the data, the
ANOVA was performed within a nonparametric boot-
strap procedure (Glick et al., 2014).
After the descriptive analysis was completed, the

approach to translating outcomes into dollars was
considered. The approach is fairly straightforward in
that outcome variables are multiplied by a MCF,
which represents the unit cost per outcome. Defining
appropriate MCFs is where the challenge lies, al-
though several sources of data can be useful for this
purpose including published studies, government re-
ports, and national data sets. For self-reported crim-
inal activity, we use estimates of the cost per offense
from McCollister et al. (2010), Blincoe et al. (2015),
and Scott and Dedel (2006) (Blincoe et al. 2015; K.
McCollister et al. 2010; Scott and Dedel, 2006).
McCollister et al. (2010) used national data on crim-
inal victimizations, arrests, and government crime
prevention and prosecution expenditures to estimate
the societal cost of 13 offenses, comprising victim
costs, criminal justice system costs, and lost product-
ivity among incarcerated offenders. Victim costs in-
clude medical and property costs, as well as the costs
associated with pain and suffering and risk of homi-
cide for a subset of more serious crimes. The cost
per act of driving under the influence (not resulting
in injury) comes from a study by Blincoe et al.
(2015), which used data from the National Highway
Traffic Safety Association (NHTSA) to estimate aver-
age unit costs of alcohol-involved automobile crashes
for different levels of injury including fatalities. For
prostitution, we apply the estimated transaction cost
for the average prostitution act (~$50) based on a
study of street prostitution by the U.S. Department of
Justice (Scott and Dedel, 2006). We also used the dis-
tribution of offenses within four crime categories to
generate a weighted average “cost per public order

Table 2 Summary of individual crimes by crime category

Crime Category Offenses With Monetary Conversion Factors Offenses Without Monetary Conversion Factors

Property Crimes Fencing (buying or selling stolen property), burglary/breaking and
entering (home, auto, business), larceny, vandalism, property
damage, auto theft, carjacking, arson

Shoplifting, tagging

Violent Crimes Robbery/attempted robbery, mugging, assault, aggravated assault,
battery, homicide, manslaughter, attempted homicide, weapons
offenses, sexual offenses (rape, sex with minor)

Public Order
Crimes

Prostitution or pimping Illegal gambling, terrorist threats/acts, probation/parole
violations, trespassing, disorderly conduct, contempt of
court, drug crimes

Enterprise
crimes

Forgery/fraud Kidnapping/hostage taking

Note: Given the lack of precise costing data for every reported offense, the same MCF could be applied to similar offenses such as auto theft and carjacking, or
assault and battery
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offense,” “cost per violent offense,” “cost per property
offense,” and “cost per entrepreneurial offense.” A
table of selected monetary conversion factors in 2016 dol-
lars and data sources for criminal offenses, arrests, convic-
tions, and incarceration is provided in the Appendix
(Table 5).
To illustrate the process of translating outcomes

into dollars, we applied MCFs to two of our mea-
sures: self-reported criminal activity (by crime cat-
egory) and days of incarceration (see Table 3).
Following per-offense cost calculations in McCollister
et al. (2010), we opted to use the societal cost per
offense to value self-reported criminal activity. For in-
carceration, we relied on a study by Henrichson and
Delaney (2012), which estimated the cost per day of
incarceration using national data (Henrichson and
Delaney 2012). These MCFs were multiplied by num-
ber of offenses per 30 days (by crime category) and
number of days incarcerated per 30 days to calculate
baseline crime/incarceration costs.

Results
All studies asked about the number of times arrested
and days incarcerated over different timeframes (life-
time, past 30 days, past 90 days, past 6 months). All
but two studies asked about criminal activity and
types of offenses, regardless of whether the crime re-
sulted in an arrest. Studies had low rates of missing
observations for most criminal activity and incarcer-
ation measures (0% - 8%). Given that these data were
taken from baseline assessments, responsiveness and
completeness of data were generally high and loss to
follow-up was not yet an issue. Examination of logical
skips (e.g., reporting no arrests in the past 6 months
followed by appropriate code representing no days
spent in jail) and valid responses (reporting a convic-
tion followed by reporting type of offense convicted
for) showed that quality and consistency of baseline

data across studies was high. One exception was the
PACTo study, which had up to 50% missing on
self-reported arrest variables due to these questions
being added to assessments after initiation of partici-
pant enrollment.
Figure 1 illustrates the interquartile range of lifetime

arrests and charges, by crime category. Four studies in-
cluded this measure (BRIGHT 1 and 2, STRIDE 1 and
2). BRIGHT 1 and 2 asked about arrests and charges
separately. For these comparisons, we assume a charge
is equivalent to arrested and charged. Certain common-
alities emerge from these groupings, namely that most
respondents have been arrested for public order crimes
(> 50%). Lifetime arrests for enterprise crimes and vio-
lent crimes are consistently low across all studies. The
presence of large influential observations within violent
crimes and property crimes is particularly notable for
BRIGHT 1 and STRIDE 2. Means are statistically similar
across studies based on a bootstrap-based nonparametric
one-way ANOVA (p > 0.19).
Figure 2 shows the box plots and means of average

days incarcerated per 30 days. BRIGHT 1 and 2, and RE-
TAIN participants reported spending between 4 and
6 days per month incarcerated. The other studies had
very low rates of incarceration (< 1 day per month).
Means were statistically different across studies (p <
0.001) and all studies had influential observations (espe-
cially BRIGHT 1 and 2) falling well outside the inter-
quartile range.
Self-reported criminal activity provides another

perspective on criminal justice outcomes, given that
not all offenses result in a criminal justice contact (i.e.,
an arrest, conviction, or incarceration). Four studies
(BRIGHT 1 and 2; RETAIN, and PACTo) asked partici-
pants about the number of offenses committed for ei-
ther the past 6 months or past 90 days, which we
converted to average number of offenses committed
per 30 days, contingent upon reporting any criminal ac-
tivity at baseline. The data are presented in this manner

Table 3 Average costs of baseline criminal activity and incarceration

BRIGHT 1 (n = 2405) BRIGHT 2 (n = 100) STRIDE 1 (n = 50) STRIDE 2 (n = 109) RETAIN (n = 360) PACTo (n = 409)

Crime Category

Violent $513 ($8687) $210 ($1035) / / $1686 ($31,158) $16,260 ($199,528)

Property $625 ($6493) $1955 ($14,468) / / $218 ($1570) $2550 ($19,072)

Public $498 ($6051) $10 ($100) / / $26 ($166) $1390 ($9092)

Enterprise $83 ($3123) $0 ($0) / / $12 ($152) $0 ($0)

Incarceration $436 ($853) $574 ($973) $19 ($134) $47 ($308) $49 ($247) $28 ($192)

Notes: Standard deviations in parentheses. Crimes included in violent crime category for monetization: robbery, rape/sexual assault, assault/aggravated assault,
murder; crimes included in property crime category for monetization: larceny, motor vehicle theft, household burglary, stolen property, arson, vandalism; crimes
included in public crime category for monetization: prostitution, driving under influence; crimes included in enterprise crime category for monetization: fraud and
forgery. Monetary conversion factors (MCFs) for criminal activity come from the societal cost per offense reported in McCollister et al. (2010). MCFs for incarceration
come from Henrichson and Delaney (2012). See Table 5 in Appendix for MCFs
/ = not applicable for STRIDE 1 and 2
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because, on average, only 3% of respondents report
committing any crimes. Figure 3 shows average offenses
per 30 days, by crime category. Most individuals report
committing public order crimes (> 50%). The most
commonly reported offenses within this category were
prostitution/pimping, larceny/shoplifting, and household

burglary. Means for individual offenses were significantly
different for violent offenses and public order offenses
across studies (p < 0.001).
We also examined the mean number of criminal

convictions by type of offense among those reporting
any convictions for respondents in BRIGHT 1 and 2
(Table 4). Approximately 28% of BRIGHT 1 partici-
pants reported a conviction for larceny/shoplifting
and, on average, they reported 3.4 lifetime convictions
for this offense. Thirty percent of BRIGHT 2 partici-
pants reported being convicted for assault/aggravated
assault/battery with a mean number of lifetime
convictions of 1.0. In both studies, the highest percentage
of lifetime convictions was for probation/parole violations
(42%–51%) and drug charges (59%, both studies).
Table 3 presents the average baseline costs of incarcer-

ation and criminal offending by crime category. As
noted above, only the crimes that could be matched with
a MCF were included in the calculation of crime costs.
Public order crimes, representing the majority of re-
ported offenses across all studies, had an average 30-day
cost (per study participant reporting a crime) ranging
from $10 (BRIGHT 2) to $1390 (PACTo). BRIGHT 2
also had the lowest average 30-day cost of violent crimes
($210); PACTo had the highest ($16,260). The average
30-day cost of property crime ranges from $220 (RE-
TAIN) to $2560 (PACTo). Enterprise crime, which was

Fig. 1 Lifetime arrests, by crime category. Means reported in boxes above the bar graphs. Means are tested using a bootstrap-based nonparametric
one-way ANOVA. Means not statistically different (p < 0.5). BRIGHT 1 and 2 ask about arrests and charges separately. For this comparison, we assume a
charge is equivalent to “arrested and charged.” The central box spans the first quartile to the third quartile; the whiskers above and below the box
show 1.5 interquartile-range (IQR) from the corresponding quartile

Fig. 2 Average days incarcerated per 30 days. Means are displayed
in boxes above bar graphs. Means tested using a bootstrap-based
nonparametric one-way ANOVA; means statistically different (p < 0.001).
STRIDE 1 and 2 report incarceration for past 30 days. The other studies
report past 90 days or past 6 months, which were divided by 3 or 6 to
represent an average 30 day estimate
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rarely reported in these studies, had an average 30-day
cost ranging from $0 (BRIGHT 2 and PACTo) to $80
(BRIGHT 1).

Discussion
The objective of this study was to review criminal ac-
tivity/criminal justice data available in six STTR stud-
ies and propose a set of standard measures that can
be used for estimating the costs of criminal activity
and criminal justice outcomes from different stake-
holder perspectives. All six STTR studies had one
measure in common, days incarcerated. At least four
of these studies also collected data on arrests and
criminal offenses. Based on our review of STTR stud-
ies, we recommend four crime/criminal justice mea-
sures for economic data harmonization projects:
number of arrests, number of convictions, days of in-
carceration, and times committing criminal offenses,
by type of offense. These measures are commonly
assessed in other SUD research trials and observa-
tional studies and are therefore available in many
existing datasets. In addition, criminal justice adminis-
trative databases typically track arrests and incarcer-
ation, and could serve as supplementary sources of
economic data to support harmonization in SUD
research.

Results summarized in the tables and figures illus-
trate the extreme variability in these crime/criminal
justice measures. Criminal activity data are censored
at zero and the distributions often have a long tail,
where some observations lie well outside the inter-
quartile range. It is important to note that the vari-
ation is partly due to systemic differences in police
practices and supervision revocation across jurisdic-
tions. These issues highlight the importance of statis-
tical methods that account for the distribution of the
observed data, and sampling uncertainty (Glick et al.,
2014). If feasible, opportunities to pool individual data
across studies and increase the sample size can mod-
erate some of these concerns.
To account for extreme variability in most of these

outcomes, grouping crimes by offense classification or
calculating monthly averages per event facilitates more
meaningful comparisons across studies. Adjusting for
differences in assessment timeframe (recall timeframe)
was relatively straightforward but raises a more general
question about why assessment timeframes are so vari-
able. This is perhaps most heavily influenced by funding
limitations or other financial constraints. In other cases,
interventions may be able to demonstrate clinical effect-
iveness over a shorter timeframe. From an economic
perspective, having multiple follow-up assessments over
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Fig. 3 Average number of offenses committed per 30 days by crime category. Means are displayed in boxes above bar graphs. BRIGHT 1 and 2
ask about crimes committed in past 90 days, and RETAIN and PACTo ask about crimes committed in past 6 months. These values were divided to
represent past 30 days for comparisons. Means tested using a bootstrap-based nonparametric one-way ANOVA; means not statistically different
(p > 0.5). The central box spans the first quartile to the third quartile; the whiskers above and below the box show 1.5 interquartile-range (IQR)
from the corresponding quartile
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a longer timeframe (e.g., data collected post-baseline at
6-, 12-, 18-, and 24-months) would be preferred for
estimating changing costs over time. Future data
harmonization initiatives should focus on timeframe
harmonization as well.
These findings are meant to support the data

harmonization efforts that are moving the SUD and
HIV/HCV research fields forward (Brincks et al.,
2017; Evans et al. 2010; Guerrero et al. 2015; Johnson
et al. 2010; Niv et al., 2010). The methodological ad-
vantages of being able to synthesize and analyze data
across multiple studies, such as improved statistical
power and use of more sophisticated modeling

approaches, is especially important for economic vari-
ables that tend to be skewed and often have higher
rates of nonresponse, especially during follow-up as-
sessments (Hussong, Curran, and Bauer, 2013; Brincks
et al. 2017). A caveat is that pooling individual data
from different studies is extremely complex and has
been the subject of numerous methodological and ap-
plied studies (e.g., Friedenreich 1993; Curran et al.,
2008; Brown et al., 2013; Bainter and Curran 2015).
Identifying common measures across studies, as we
have done here for estimating crime/criminal justice
costs, informs data collection and harmonization
efforts. It is just an initial step, however, in

Table 4 Convictions at Baseline. Percent reporting any convictions in lifetime and mean number of times convicted by type of
offense

Crime BRIGHT 1 (n = 2405) BRIGHT 2 (n = 100)

Percent reporting
any conviction

Mean number of times
convicted if reporting 1+
conviction

Percent reporting
any conviction

Mean number of times
convicted if reporting 1+
conviction

Property Offenses

Fencing (buying or selling stolen
property)

8.0% 1.9 1.0% –

Burglary/attempted burglary/breaking
and entering (home, auto, business)

19.0% 2.2 24.0% 1.0

Larceny and shoplifting 28.0% 3.4 38.0% 7.1

Vandalism/property damage/tagging 10.0% 1.5 11.0% 0.8

Arson (started a fire) 1.0% 1.0 3.0% 0.0

Auto theft 15.0% 2.0 17.0% 0.4

Car jacking 1.0% 1.3 0.0% –

Public Order Offenses

Prostitution or pimping 4.0% 4.1 9.0% 1.0

Probation/parole violations 42.0% 2.8 51.0% 3.4

Trespass of real property 10.0% 1.6 12.0% 1.4

Disorderly conduct 16.5% 2.5 7.0% 0.5

Drug charges (not drug dealing) 58.6% 3.0 59.0% 3.6

Drug dealing 40.2% 3.2 55.0% 2.6

Driving under the influence 9.6% 1.9 8.0% 1.1

Violent Offenses

Robbery/attempted robbery/mugging 19.0% 1.6 18.0% 2.6

Assault/aggravated assault/battery 36.0% 2.4 30.0% 1.0

Homicide/manslaughter/attempted
homicide

3.0% 1.0 2.0% 0.0

Weapons offenses 17.8% 1.4 17.0% 1.0

Sexual offenses (rape/aggravated
assault/sex with a minor)

7.1% 1.0 3.0% 0.6

Enterprise Offenses

Forgery 6.0% 1.8 8.0% 2.7

Fraud (bad checks, credit card fraud, etc.) 6.0% 1.4 5.0% 0.4

Note: sample size varies by offense (BRIGHT 2: N = 1–59), (BRIGHT 1: N = 26–1410)
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understanding the levels of variability within and
across data, and evaluating threats to internal and ex-
ternal validity when formally merging data from mul-
tiple studies (Brincks et al. 2017).
For the criminal justice outcomes of arrests and con-

victions, and for certain offenses like probation/parole
violations and drug law violations, monetary conversion
factors are challenging to estimate and apply. We do not
know, for instance, if an arrest results in an actual book-
ing, time in jail, legal and adjudication processes, convic-
tion, and incarceration. Reports have shown it is not
possible to associate the number of recorded arrests with
anticipated trajectories of criminal justice system costs
using existing data. For example, a report by the New
York State Attorney General on evaluating the stop and
frisk law found that half of all arrests did not result in a
conviction due to cases being dismissed or never prose-
cuted. Furthermore, less than 1% of arrests led to a jail
or prison sentence and even fewer (0.1%) led to a con-
viction (New York Attorney General, 2013).
Evaluating the costs of probation or parole violations,

drug offenses and other crimes present similar chal-
lenges, especially when relying solely on self-reported
data. These are commonly reported crimes, but without
knowing whether a violation resulted in a re-arrest or
whether an act of prostitution or illicit drug sale resulted
in an arrest, it is impossible to precisely calculate the
criminal justice system costs attributable to these types
of offenses. Additional studies are needed to improve
the estimation of crime costs for a broader range of of-
fenses and to identify administrative data sources that
can be used to validate self-reported criminal activity
and criminal justice contacts.

Conclusions
The ability to estimate the value of reduced criminal ac-
tivity provides a broader view on the potential economic
impact of SUD and HIV/HCV interventions to inform
resource allocation and public health policy. Recommen-
dations on the conduct of cost-effectiveness and
cost-benefit analysis highlight the relevance of different
analytic perspectives for evaluating costs (Drummond et
al., 2015; Neumann et al. 2016). For instance, from the
public payer perspective, the tangible costs to the crim-
inal justice system (e.g., policing, legal/adjudication, cor-
rections) would be most relevant for an economic
analysis; the societal perspective would look more
broadly at victim costs as well. The opportunity to pro-
vide estimates of economic benefits or cost savings
through reductions in crime/criminal justice contacts
helps to provide a context for clinical findings of effect-
iveness for policy makers and other stakeholders who ul-
timately must choose what public health programs to
support with limited taxpayer-funded budgets.
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Appendix
Table 5 Monetary conversion factors for criminal offenses,
arrests, and incarceration (2016 dollars)

Criminal Offenses Conviction
Costa

Societal
Costa

Murder $447,281 $10,086,337

Rape/Sexual assault $30,186 $270,352

Aggravated assault $15,763 $120,166

Robbery $9850 $47,507

Arson $4705 $23,695

Motor vehicle theft $4409 $12,095

Stolen property $3283 $8953

Household burglary $5007 $7256

Embezzlement $5249 $6153

Forgery and counterfeiting $4984 $5912

Fraud $5495 $5650

Vandalism $7800 $5457

Larceny/theft $4742 $3966

Driving under the influence
(no injury)b

$3130

Prostitution c $50

Incarceration and arrest

Incarceration (day)d $95

Arrest (per event)a $2407
aMcCollister et al. (2010)
bBlincoe, LJ., Miller, TR., Zaloshnja, E., Lawrence, BA. The Economic and Societal
Impact Of Motor Vehicle Crashes, 2010 (Revised). 2015.
Retrieved from https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/
812013
cMichael S. Scott and Kelly Dedel, “Street Prostitution,” Second Edition, United
States Department of Justice, Office of Community Oriented Policing Services,
November 28, 2006
dHenrichson and Delaney (2012)
Notes: Conviction costs represent the total cost to the criminal justice system
(policing, legal and adjudication, corrections) based on McCollister et al.
(2010). Societal costs include direct victim costs, victim pain and suffering, risk
of homicide costs, and criminal justice system costs. Based on McCollister et al.
(2010). Cost per arrest is based on national policing expenditures

McCollister et al. Health and Justice  (2018) 6:17 Page 9 of 11

https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/812013
https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/812013


Funding
Supported by the National Institute on Drug Abuse (P30DA040500, R21DA044378).

Authors’ contributions
KM conceived and led the study. XY completed data analyses. SM contributed
to the analytic plan and writing of the manuscript. JL reviewed the manuscript
and assisted with formatting. RK and HC provided access to STTR data and
reviewed the manuscript. RC provided subject matter expertise and reviewed
the manuscript. FT provided subject matter expertise and reviewed the
manuscript. DF provided guidance on the statistical analyses. LM reviewed the
manuscript and provided feedback on content as well as editorial suggestions.
WC provided subject matter expertise and guidance on framing the discussion.
FA provided subject matter expertise and guidance on selected criminal justice
measures. BS contributed to the study design, framing of results, and editorial
suggestions on previous versions of the manuscript. All authors read and
approved the final manuscript.

Ethics approval and consent to participate
The participant data are completely deidentified and there is no way for us
to link these data back to the individuals. In addition, the research is not
focusing on individual-level analyses, rather we are looking in a more
aggregate way at specific outcome domains and measures that can be
used for economic analysis. This study does not represent human subjects
research and did not require IRB approval.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published
maps and institutional affiliations.

Author details
1Department Public Health Sciences, University of Miami Miller School of
Medicine, Miami, FL, USA. 2Department of Healthcare Policy and Research,
Weill Cornell Medicine, New York, NY, USA. 3Collaborative Health Studies
Coordinating Center, University of Washington, Seattle, WA, USA. 4Center for
AIDS Research, University of Washington, Seattle, WA, USA. 5AIDS Research
Program, National Institute on Drug Abuse, Bethesda, MD, USA. 6Center for
Advancing Correctional Excellence, George Mason University, Fairfax, VA,
USA. 7Department of Sociomedical Sciences, Mailman School of Public
Health, Columbia University, New York, NY, USA. 8Department of Medicine,
UCLA, Los Angeles, CA, USA. 9Yale AIDS Program, Section of Infectious
Diseases, Yale School of Medicine, New Haven, CT, USA.

Received: 23 February 2018 Accepted: 29 August 2018

References
Anglin, M. D., & Perrochet, B. (1998). Drug use and crime: A historical review of

research conducted by the UCLA drug abuse research center. Substance Use
& Misuse, 33(9), 1871–1914.

Aral, S. O., Adimora, A. A., & Fenton, K. A. (2008). Understanding and responding
to disparities in HIV and other sexually transmitted infections in African
Americans. The Lancet, 372(9635), 337–340.

Bainter, S. A., & Curran, P. J. (2015). Advantages of integrative data analysis for
developmental research. Journal of Cognition and Development, 16(1), 1–10.

Balsa, A., Homer, J., French, M., & Weisner, C. (2009). Substance use, education,
employment, and criminal activity outcomes of adolescents in outpatient
chemical dependency programs. Journal of Behavioral Health Services &
Research, 36, 75–95.

Binswanger, I. A., Redmond, N., Steiner, J. F., & Hicks, L. S. (2012). Health disparities
and the criminal justice system: An agenda for further research and action.
Journal of Urban Health, 89(1), 98–107.

Blincoe, L. J., Miller, T. R., Zaloshnja, E., & Lawrence, B. A. (2015). The
economic and societal impact of motor vehicle crashes, 2010. (revised)
(report no. DOT HS 812 013). Washington, DC: National Highway Traffic
Safety Administration.

Brincks, A., Montag, S., Howe, G. W., Huang, S., Siddique, J., Ahn, S., et al. (2017).
Addressing methodologic challenges and minimizing threats to validity in
synthesizing findings from individual-level data across longitudinal
randomized trials. Prevention Science, 19(1), 1–14.

Brown, C. H., Sloboda, Z., Faggiano, F., Teasdale, B., Keller, F., Burkhart, G., et al.
(2013). Methods for synthesizing findings on moderation effects across
multiple randomized trials. Prevention Science, 14(2), 144–156.

Caulkins, J. P., & Nicosia, N. (2010). What economics can contribute to the addiction
sciences. Addiction, 105, 1156–1163.

Chandler, R., Gordon, M. S., Kruszka, B., Strand, L. N., Altice, F. L., Beckwith, C. G., et al.
(2017). Cohort profile: Seek, test, treat and retain United States criminal 625
justice cohort. Substance Abuse Treatment, Prevention, and Policy, 12(1), 24.

Chandler, R. K., Kahana, S. Y., Fletcher, B., Jones, D., Finger, M. S., Aklin, W. M., et al.
(2015). Data collection and harmonization in HIV research: the seek, test,
treat, and retain initiative at the National Institute on Drug Abuse. American
Journal of Public Health, 105(12), 2416–2422.

Curran, P. J., Hussong, A. M., Cai, L., Huang, W., Chassin, L., Sher, K. J., et al. (2008).
Pooling data from multiple longitudinal studies: The role of item response
theory in integrative data analysis. Developmental Psychology, 44(2), 365.

Drummond, M. F., Sculpher, M. J., Claxton, K., Stoddart, G. L., & Torrance, G. W.
(2015). Methods for the economic evaluation of health care programmes. New
York: Oxford university press.

Evans, E., Grella, C. E., Murphy, D. A., & Hser, Y. I. (2010). Using administrative data
for longitudinal substance abuse research. Journal of Behavioral Health
Services & Research, 37(2), 252–271.

Fortier, I., Doiron, D., Burton, P., & Raina, P. (2011). Invited commentary: Consolidating
data harmonization—How to obtain quality and applicability. American Journal
of Epidemiology, 174(3), 261–264.

Friedenreich, C. M. (1993). Methods for pooled analyses of epidemiologic studies.
Epidemiology, 4(4), 295–302.

Gamarel, K. E., Nichols, S., Kahler, C. W., Westfall, A. O., Lally, M. A., & Wilson, C. M.
(2017). A cross-sectional study examining associations between substance
use frequency, problematic use and STIs among youth living with HIV. Sex
Transmitted Infection, Sextrans, 94(4), 303-307.

Glick, H. A., Doshi, J. A., Sonnad, S. S., & Polsky, D. (2014). Economic evaluation in
clinical trials. New York: OUP Oxford.

Godfrey, C., Stewart, D., & Gossop, M. (2004). Economic analysis of costs and
consequences of the treatment of drug misuse: 2-year outcome data
from the National Treatment Outcome Research Study (NTORS).
Addiction, 99(6), 697–707.

Guerrero, E. G., Fenwick, K., Kong, Y., Grella, C., & D’Aunno, T. (2015). Paths to
improving engagement among racial and ethnic minorities in addiction
health services. Substance Abuse Treatment, Prevention, and Policy, 10(1), 40.

Hamilton, C. M., Strader, L. C., Pratt, J. G., Maiese, D., Hendershot, T., Kwok, R. K., et
al. (2011). The PhenX toolkit: Get the most from your measures. American
Journal of Epidemiology, 174(3), 253–260.

Harrison, L. D., Erickson, P. G., Adlaf, E., & Freeman, C. (2001). The drugs–violence
nexus among American and Canadian youth. Substance Use & Misuse,
36(14), 2065–2086.

Henrichson, C., & Delaney, R. (2012). The price of prisons: What incarceration
costs taxpayers. Federal Sentencing Reporter, 25(1), 68–80.

Hussong, A. M., Curran, P. J., & Bauer, D. J. (2013). Integrative data analysis in
clinical psychology research. Annual review of clinical psychology, 9, 61–89.

Johnson, B. T., Scott-Sheldon, L. A., & Carey, M. P. (2010). Meta-synthesis of health
behavior change meta-analyses. American Journal of Public Health, 100(11),
2193–2198.

McCollister, K. E., & French, M. T. (2003). The relative contribution of outcome
domains in the total economic benefit of addiction interventions: A review
of first findings. Addiction, 98(12), 1647–1659.

McCollister, K. E., French, M. T., & Fang, H. (2010). The cost of crime to society:
New crime-specific estimates for policy and program evaluation. Drug &
Alcohol Dependence, 108(1), 98–109.

Montague, B. T., Rosen, D. L., Solomon, L., Nunn, A., Green, T., Costa, M., et al.
(2012). Tracking linkage to HIV care for former prisoners: A public health
priority. Virulence, 3(3), 319–324.

Montague, B. T., Vuylsteke, B., & Buvé, A. (2011). Sustainability of programs to
reach high risk and marginalized populations living with HIV in resource
limited settings: Implications for HIV treatment and prevention. BMC Public
Health, 11(1), 701.

National Institute on Drug Abuse. Data Harmonization Projects. 2014; https://www.
drugabuse.gov/researchers/research-resources/data-harmonization-projects.

McCollister et al. Health and Justice  (2018) 6:17 Page 10 of 11

https://www.drugabuse.gov/researchers/research-resources/data-harmonization-projects
https://www.drugabuse.gov/researchers/research-resources/data-harmonization-projects


National Institute on Drug Abuse. (2017). Health Consequences of Drug Misuse.
https://www.drugabuse.gov/related-topics/health-consequences-drug-misuse.
Accessed 15 Oct 2017.

Neumann, P. J., Sanders, G. D., Russell, L. B., Siegel, J. E., & Ganiats, T. G. (Eds.). (2016).
Cost-effectiveness in health and medicine. New York: Oxford University Press.

New York (State). Civil Rights Bureau, & Schneiderman, E. T. (2013). A Report on
Arrests Arising from the New York City Police Department's Stop-and-frisk
practices. Office of the NYS Attorney General, Civil Rights Bureau.

Niv, N., Warda, U. S., Grella, C. E., Moore, A. A., Sarkisyan, D., & Karno, M. P. (2010).
Substance use disorders and treatment utilization among MDMA users:
Results from the National Epidemiologic Survey on alcohol and related
conditions. Journal of Drug Issues, 40(3), 537–551.

Scott, M. S., & Dedel, K. (2006). Street prostitution. Washington, DC: US Department
of Justice, Office of Community Oriented Policing Services.

Truman, J., & Morgan, R. (2016). Criminal victimization, 2015. Washington, DC: US
Department of Justice, Office of Justice Programs, Bureau of Justice Statistics.
NCJ, 250180.

U.S. Department of Justice, Federal Bureau of Investigation (2004). Uniform crime
reporting handbook: UCR. Retrieved from https://ucr.fbi.gov on 3 Oct 2017.

McCollister et al. Health and Justice  (2018) 6:17 Page 11 of 11

https://www.drugabuse.gov/related-topics/health-consequences-drug-misuse
https://ucr.fbi.gov

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Results
	Discussion
	Conclusions
	Abbreviations
	show [App1]
	Funding
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	Author details
	References

