
The author(s) shown below used Federal funds provided by the U.S. 
Department of Justice and prepared the following final report: 

Document Title: To Treat or Not To Treat: Evidence on the 
Prospects of Expanding Treatment to Drug-
Involved Offenders 

Author: Avinash Singh Bhati ; John K. Roman ; Aaron 
Chalfin 

Document No.: 222908 

Date Received: May 2008 

Award Number: 2005-DC-BX-1064 

This report has not been published by the U.S. Department of Justice.  
To provide better customer service, NCJRS has made this Federally-
funded grant final report available electronically in addition to 
traditional paper copies. 

Opinions or points of view expressed are those 
of the author(s) and do not necessarily reflect 

the official position or policies of the U.S. 
Department of Justice. 



Going to Scale in the Treatment of Drug-Involved Criminal Offenders

R
E

S
E

A
R

C
H

 
R

E
P

O
R

T
 

A
p

r
i

l
 

2
0

0
8

 

To Treat or Not To Treat: 


Evidence on the Prospects of 
Expanding Treatment to 
Drug-Involved Offenders 

Avinash Singh Bhati 

John K. Roman 

Aaron Chalfin 


URBAN INSTITUTEresearch for safer communities Justice Policy Center 





Copyright © April 2008 

This document was prepared under grant # 2005-DC-BX-1064 awarded by the National 
Institute of Justice, U.S. Department of Justice.  Points of view in this document are those 
of the authors and do not necessarily represent the official position or policies of the U.S. 
Department of Justice or of other staff members, officers, trustees, advisor groups, or 
funders of the Urban Institute. 

URBAN INSTITUTE The views expressed are those of the authors, and should not 

Justice Policy Center be attributed to The Urban Institute, its trustees, or its funders. 

2100 M STREET, NW 
WASHINGTON, DC  20037 
www.urban.org 





TO TREAT OR NOT TO TREAT:

EVIDENCE ON THE PROSPECTS OF EXPANDING


TREATMENT TO DRUG-INVOLVED OFFENDERS


Avinash Singh Bhati


John K. Roman


Aaron Chalfin


Justice Policy Center, The Urban Institute


2100 M Street, N.W., Washington, D.C. 20037


April 2008






Contents 

Acknowledgments	 ix


Abstract	 xi


Executive Summary	 xiii


1 Background and Motivation	 1

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Prior Research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4


1.2.1	 Drug-Crime Nexus . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2.2	 Criminal Justice System Interventions with Drug-Involved


Offenders . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.2.3	 Therapeutic Jurisprudence and Drug Courts . . . . . . . . 7


2 The Research Design	 9

2.1 Synthetic Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2 Data Sources and Uses . . . . . . . . . . . . . . . . . . . . . . . . . . . 13


2.2.1	 Arrestee Drug Abuse Monitoring (ADAM) . . . . . . . . . 13

2.2.2	 National Survey on Drug Use and Health (NSDUH) . . 16

2.2.3	 Drug Abuse Treatment Outcome Study (DATOS) . . . . 17

2.2.4	 Summary of the Elements of the Synthetic Data Set . . . 18


i 



ii 

3 Estimation Strategy	 21

3.1	 A Profile’s Prevalence in the Population of Arrestees . . . . . . . . 21

3.2	 Simulated Counterfactual . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.3	 Simulated Eligibility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26


3.3.1	 Drug Court Survey Data Describing Eligibility Criteria 28

3.3.2	 Estimating the Size of the Drug-Court Eligible Population 30

3.3.3	 Estimating the Number of Individuals Currently Receiv


ing Drug Treatment . . . . . . . . . . . . . . . . . . . . . . . . 33

3.4	 Cost and Benefit Estimates . . . . . . . . . . . . . . . . . . . . . . . . . 34


3.4.1	 Treatment Price Estimates . . . . . . . . . . . . . . . . . . . . 36

3.4.2	 Drug Court Price Estimates . . . . . . . . . . . . . . . . . . . 37

3.4.3	 Estimates of the Benefits from Crime Reduction . . . . . 39


3.5	 Key Assumptions and Caveats . . . . . . . . . . . . . . . . . . . . . . 44


4 Findings	 47

4.1	 Prevalence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.2	 Crimes Avertable by Treatment . . . . . . . . . . . . . . . . . . . . . 48

4.3	 Cost-Effectiveness of Treating Currently Eligible Drug Court


Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.4	 Simulated Cost-Effectiveness of Expanding Criminal Justice System–


Based Treatment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4.1	 Simulation 1: Adding Individuals with Other Pending


Charges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4.2	 Simulation 2: Adding Individuals with Prior Violence . . 60

4.4.3	 Simulation 3: Adding Individuals with Prior Failed Treat


ment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.4.4	 Simulation 4: Adding Individuals with Co-Occurring


Alcohol Problems . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.4.5	 Simulation 5: Expanding Eligibility to Include all Arrestees 66


5 Discussion	 69




iii 

6 References 73


A Mathematical Appendix 81

A.1 Interpolation Technique . . . . . . . . . . . . . . . . . . . . . . . . . . 81

A.2 Prevalence Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

A.3 Computing Variance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

A.4 Empirical Similarity Weights . . . . . . . . . . . . . . . . . . . . . . . 85




iv




List of Tables 

2.1	 Synthetic data profiles. . . . . . . . . . . . . . . . . . . . . . . . . . . . 12


3.1	 Percent of responding adult drug courts considering individuals

eligible for participation, by select attributes . . . . . . . . . . . . . 30


3.2	 Population of arrestees eligible for drug courts . . . . . . . . . . . . 33

3.3	 Estimated number of individuals receiving each treatment modal


ity in drug courts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.4	 Costs associated with four treatment modalities . . . . . . . . . . . 37

3.5	 Administrative costs for drug courts . . . . . . . . . . . . . . . . . . 38

3.6	 Price for four treatment modalities . . . . . . . . . . . . . . . . . . . 39

3.7	 Cost of offending, pre-sentence . . . . . . . . . . . . . . . . . . . . . . 41

3.8	 Probability that an offender is sentenced to probation, jail, or


prison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

3.9	 Estimated number of months an offender is sentenced to proba


tion, jail or prison, and total sentencing costs . . . . . . . . . . . . . 42

3.10	 Estimates of the total cost to society. . . . . . . . . . . . . . . . . . . 43


4.1	 The estimated prevalence of potential clients nationwide. . . . . . 49

4.2	 Estimated number of crimes avertable annually by treating po


tential clients under inpatient treatment modalities. . . . . . . . . 51

4.3	 Estimated number of crimes avertable annually by treating po


tential clients under outpatient treatment modalities. . . . . . . . 53


v 



vi 

4.4	 Cost benefit analysis of treating eligible drug courts clients in

available drug dourt treatment slots. . . . . . . . . . . . . . . . . . . 55


4.5	 Cost benefit analysis of treating all eligible drug court clients

(retaining all eligibility restrictions). . . . . . . . . . . . . . . . . . . 57


4.6	 Cost benefit analysis of treating all eligible drug court clients

without regard to current offense (retaining other eligibility re

strictions). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59


4.7	 Cost benefit analysis of treating all eligible drug court clients

without regard to past violence (retaining other eligibility re

strictions). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61


4.8	 Cost benefit analysis of treating all eligible drug court clients

without regard to past treatment (retaining other eligibility re

strictions). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63


4.9	 Cost benefit analysis of treating all eligible drug court clients

without regard to co-occurring alcohol problems (retaining other

eligibility restrictions). . . . . . . . . . . . . . . . . . . . . . . . . . . . 65


4.10	 Cost benefit analysis of treating all drug involved arrestees (with

no eligibility restrictions). . . . . . . . . . . . . . . . . . . . . . . . . . 67




List of Figures 

2.1 Graphical depiction of the synthetic dataset. . . . . . . . . . . . . . 19


3.1 Graphical depiction of the treatment effects computation. . . . . 25


A.1 Successfully recovering hiddens signals using empirical similar

ity weights: An example. . . . . . . . . . . . . . . . . . . . . . . . . . . 90


vii




viii




Acknowledgments 

The authors would like to thank those who assisted our efforts in collecting, 
preparing and analyzing the data used in this study. Michael Kane, Bogdan 
Tereshchenko, Aaron Sundquist, Jay Reid and Will Jurist provided exceptional 
assistance preparing the data sets for analysis. Adele Harrell and Terrence Dun
worth contributed to the conceptual development of the core hypotheses tested 
in this study. Shelli Rossman kindly allowed us to coordinate cost data collec
tion with the MADCE. Nancy La Vigne provided excellent comments on the 
final narrative. 

We also wish to thank three anonymous reviewers for their comments on 
the technical matters. We would like to thank Janice Munsterman, Jennifer 
Handley and Marilyn Moses at the National Institute of Justice who monitored 
this project for the patience and guidance. 

Despite their guidance, all remaining errors are our own. 

ix




x




Abstract 

Despite a growing consensus among scholars that substance abuse treatment is 
effective in reducing offending, strict eligibility rules have limited the impact of 
current models of therapeutic jurisprudence on public safety. This research ef
fort was aimed at providing policy makers some guidance on whether expanding 
this model to more drug-involved offenders is cost-beneficial. 

Since data needed for providing evidence-based analysis of this issue are not 
readily available, micro-level data from three nationally representative sources 
were used to construct a synthetic dataset—defined using population profiles 
rather than sampled observation—that was used to analyze this issue. Data from 
the National Survey on Drug Use and Health (NSDUH) and the Arrestee Drug 
Abuse Monitoring (ADAM) program were used to develop profile prevalence 
estimates. Data from the Drug Abuse Treatment Outcome Study (DATOS) 
were used to compute expected crime reduction benefits of treating clients with 
particular profiles. The resulting synthetic dataset—comprising of over 40,000 
distinct profiles—permitted the benefit-cost analysis of a limited number of sim
ulated policy options. 

We find that roughly 1.5 million arrestees who are probably guilty (the pop
ulation most likely to participate in court monitored substance abuse treatment) 
are currently at risk of drug dependence or abuse and that several million crimes 
could be averted if current eligibility limitations were suspended and all at-risk 
arrestees were treated. Under the current policy regime (which substantially 
limits access to treatment for the population we are studying) there are about 

xi
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55,000 individuals treated annually—about 32,000 are at risk of dependence and 
23,500 at risk of drug abuse. In total, about $515 million dollars is spent annually 
to treat those drug court clients yielding a reduction in offending which creates 
more than $1 billion dollars in annual savings. Overall, the current adult drug 
court treatment regime produces about $2.21 in benefits for every $1 in costs, 
for a net benefit to society of about $624 million. Every policy change simulated 
in this study yields a cost-effective expansion of drug treatment. That is, remov
ing existing program eligibility restrictions would continue to produce public 
safety benefits that exceed associated costs. In particular, removing all eligibility 
restrictions and allowing access to treatment for all 1.47 million at risk arrestees 
would be most cost effective—producing more than $46 billion in benefits at a 
cost of $13.7 billion. 



Executive Summary 

The primary goal of this research is to determine the size of the drug-involved 
offender population that could be served effectively and efficiently by partner
ships between courts and treatment. Despite a growing consensus that substance 
abuse treatment promotes desistance, few arrestees receive sufficient treatment 
through the criminal justice system to reduce their offending. Strict eligibility 
rules and scarce resources limit access to treatment, even in jurisdictions that 
embrace the principles of therapeutic jurisprudence. The result is that existing 
linkages between the criminal justice system and substance abuse treatment are 
so constrained that at best only small reductions in crime can be achieved. 

The limited access to treatment for the criminal offender population appears 
to be based on subjective judgments of both the risks of treating offenders in 
the community and the benefits of treatment. Risks are assumed to be high 
for most offenders, and the benefits of treatment are assumed to be low. As a 
result, almost all drug-involved arrestees are determined to be ineligible for par
ticipation in community-based treatment programs. An important question for 
the nation’s drug policymakers is whether a substantial expansion of substance 
abuse treatment would yield benefits from reduced crime and improved public 
safety. A related question is whether evidence-based strategies can be developed 
to prioritize participation, given limited resources. 

Previous efforts to address these questions have been constrained by limi
tations in extant data, as well as by substantial econometric challenges to com
bining those data. The development of new modeling techniques now allows 
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disparate data sources to be combined and critical values to be imputed for miss
ing observations. Thus, in this paper we are able to combine data from several 
prior studies to simulate the effects of treatment on an untreated cohort of ar
restees. That is, using existing data on the drug use patterns of arrestees and 
data predicting outcomes from the treatment of similar cohorts, we are able to 
predict not only how much crime could be prevented through treatment of an 
arrestee population, but also which arrestees (based on their attributes) are the 
best (and worst) candidates for community-based treatment. 

We use evidence from several sources to construct a synthetic dataset to es
timate the benefits of going to scale in treating drug involved offenders. We 
combine information from the National Survey on Drug Use and Health (NS
DUH) and the Arrestee Drug Abuse Monitoring (ADAM) program to estimate 
the likelihood of drug addiction or dependence problems and develop nation
ally representative prevalence estimates. We use information in the Drug Abuse 
Treatment Outcome Study (DATOS) to compute expected crime reducing ben
efits of treating various types of drug involved offenders under different treat
ment modalities. We find that 1.5 million arrestees who are probably guilty (the 
population most likely to participate in court monitored substance abuse treat
ment) are at risk of abuse or dependence. We estimate that roughly 1.15 million 
potential clients are at risk of drug dependence and roughly 322,000 are at risk 
of abusing drugs. We find that several million crimes would be averted if current 
eligibility limitations were suspended and all at-risk arrestees were treated. Our 
estimates are smaller than other studies, because we restrict our study sample to 
those both at risk of abuse and dependence and to those likely to be found guilty, 
since this is the population most likely to become eligible for criminal justice 
system-based substance abuse treatment. Although our estimates are therefore 
smaller than other published estimates, the distribution of client attributes is 
similar. 

We find that substance abuse treatment in each of the four DATOS domains 
substantially reduces recidivism among this population. For those at risk of drug 
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dependence, long-term residential reduces recidivism by 34%, short-term inpa
tient by 19%, outpatient methadone by 20%, and outpatient drug free by 30%. 
For those at risk of drug abuse, recidivism reductions are large (27%). Out
patient drug free is the most effective modality, reducing recidivism by 33%. 
Long-term inpatient reduces recidivism by 27%, short-term inpatient by 20% 
and outpatient methadone by 16%. The pattern of offending reduction is gener
ally similar for those at-risk of drug abuse as it is for those at risk of dependence, 
where the largest reductions occur for the most prevalent (but least costly) crime 
types. Small (or no) reductions in crime are observed for the most serious 
crimes. These findings are also consistent with previous estimates. 

We find that under the current policy regime (which for the most part lim
its access to treatment for the population we are studying to drug courts) there 
are about 55,000 individuals treated annually, about 32,000 are at risk of depen
dence, and 23,500 are at risk of drug abuse. In total, we estimate that about $515 
million dollars is spent annually to treat those drug court clients and that this 
yields a reduction in offending which creates more than $1 billion dollars in an
nual savings. Overall, we estimate that the current adult drug court treatment 
regime produces about $2.21 in benefit for every $1 in costs, for a net benefit to 
society of about $624 million. The benefit-cost ratio is higher for those at risk 
of abuse (2.71) as compared to those at risk of dependence (1.84), even though 
the abuse group is less prevalent in the drug court population. We estimate that 
there are about twice as many arrestees eligible for drug court (109,922) than 
there are available drug court treatment slots (55,365). We simulate the effects 
of treating all of these currently eligible in the four treatment modalities stud
ied by DATOS, and find that the costs of treating these additional clients about 
doubles, to slightly more than $1 billion. We find that the expansion of drug 
treatment to this larger population remains cost-effective, although the benefit-
cost ratio is fractionally reduced to 2.14 from 2.21. In total, this expansion of 
treatment yields a benefit to society of more than $1.17 billion dollars. 

We also simulate several expansions of criminal justice system-based treat
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ment which allow many arrestees into treatment who are currently not eligible. 
We estimate that expanding treatment access to those with a pending case is cost 
beneficial, with a about $1.65 billion in total benefits. In particular, allowing 
those with a pending case who are at-risk of drug dependence is especially ben
eficial, with a benefit to cost ratio 4.13:1. We find that allowing those with past 
violence into court supervised treatment is as cost-beneficial as current practice, 
with a benefit to cost ratio of 2.15. While the addition of those at risk of abuse 
with prior violence is cost-beneficial (3.14:1) adding those at risk of drug depen
dence with prior violence is much less cost-beneficial (1.38:1). Expanding the 
program to include those with a history of failed treatment is also cost-beneficial 
(2.09:1), especially for those at risk of drug abuse (2.29:1). 

Allowing those with co-occurring alcohol problems into court supervised 
treatment yields is cost-beneficial for the entire group treated (1.73:1). However, 
again, these aggregate numbers mask important differences in the responsiveness 
of this new population to treatment. For those at risk of dependence, the results 
are better, with the newly added group estimated to have a benefit to cost ratio 
of 1.43:1. However, adding those with co-occurring alcohol problems who are 
at risk of drug dependence is not cost-effective (0.70:1). 

Finally, we consider allowing access to court-supervised treatment for all ar
restees, without restriction. Treating all at-risk arrestees would cost more than 
$13.7 billion and return benefits of about $46 billion. We find that this approach 
would be cost-effective, with a benefit of $3.36 for every dollar in cost. 



Chapter 1 

Background and Motivation 

1.1. INTRODUCTION 

Recent innovations in the criminal justice system have linked intensive crimi
nal justice system surveillance with substance abuse treatment. The goal of this 
justice-treatment partnership is to improve outcomes for drug-involved offend
ers and to reduce the burden of chronic drug use on private citizens, the police, 
courts, and corrections. These interventions, labeled therapeutic jurisprudence, 
are designed to identify and treat drug-involved offenders in the community in 
lieu of incarceration. The programs take many forms. There is widespread use 
of diversion programs that provide short-term pre-trial services to large num
bers of low-risk arrestees. These programs may either incorporate direct judicial 
monitoring or may add more strenuous treatment requirements to the condi
tions of community supervision. More intensive and long-term treatment is 
managed by a judge on a separate court calendar. These programs, generally 
known as drug courts, serve a more serious but narrowly targeted population. 
Although these programs exist is many, if not most, jurisdictions, only a fraction 
of the drug-involved arrestee population receives these programs. Proponents of 
these interventions often discuss ‘going to scale’ and making them available to 
the entire population of eligible offenders. 

1 
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Despite the prominence of these initiatives, few arrestees who meet the clin
ical criteria for drug abuse or drug dependence receive intensive, long-term sub
stance abuse treatment in the community in lieu of incarceration. Pre-trial di
version programs treat relatively large numbers of offenders, and many drug 
involved offenders receive at least a pre-trial referral to treatment. However, the 
dosage and duration of these programs is generally very limited. The more in
tensive adult drug court is a promising model for reducing recidivism. However, 
while there are drug courts operating in most mid- and large-sized counties in 
the US, most are very small and serve less than 100 clients annually. Thus, only a 
small number of drug-involved arrestees receive intensive long-term treatment in 
lieu of incarceration. There are few reliable estimates of the number of arrestees 
who annually enroll in and/or complete a court supervised treatment program. 
Using data from a census of drug courts conducted as part of the Multi-Site 
Adult Drug Court Evaluation (MADCE), we estimate that fewer than 30,000 
adult arrestees were enrolled in drug courts in 2005, a trivial percentage of the 
ten million individuals arrested each year (Rossman et al. 2007) Probation and 
parole based treatment programs have also shown promise, but few large-scale 
programs exist today. 

The limited penetration of these programs is the result of several forces. 
First, tradition holds that federal sponsorship of new programs is limited to 
the funding of demonstration programs. So, while new programs can be imple
mented, identifying the resources to take these programs to scale is left to local 
governments. Second, the programs themselves are costly. Even cost-effective 
programs are more expensive to administer than business as usual, and thus re
quire additional funding if they are to expand. Third, the beneficiaries of these 
programs generally are not the same party who pays for the program. For exam
ple, while the costs of drug court are born almost entirely by the court system, 
the court does not explicitly realize the benefits. Instead, the benefits of drug 
courts tend to accrue to private citizens who have a reduced risk of victimiza
tion and to corrections departments who have to house fewer offenders and 
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recidivists. Thus, unless measures can be enacted that pool the risk (and the re
wards) of these programs, there are substantial disincentives to implementation. 
Fourth, the benefits of the program to date have largely been estimated at the 
micro-level. Due to the small number of clients involved, much of the success of 
the programs comes from reduced recidivism within a small group of offenders, 
but not from a meaningful reduction of crime rates in the community (i.e., at the 
macro-level). Finally, and as a result of the aforementioned factors, even though 
there is a large and growing body of research that demonstrates the efficacy of 
these initiatives, there is substantial reluctance across the political spectrum to 
treat convicted (or convictable) offenders in the community in lieu of prison. 

The goal of this research then is to determine what would happen if none of 
these factors impeded a national investment in therapeutic jurisprudence. That 
is, suppose that there were no obstacles to the implementation of effective treat
ment for drug-involved offenders. How many offenders enter the criminal jus
tice system each year who would be clinically diagnosed as drug abusers or drug 
dependent? How many crimes could be prevented is they received treatment? 
Given that treatment benefits may vary across treatment modalities, how many 
crimes could be reduced by each of the most common modalities? Given that 
amenability to treatment varies by arrestee attributes, can better (and worse) 
candidates for therapeutic jurisprudence programs be identified ex ante? How 
much would the delivery of this treatment cost? How big are the benefits? In 
sum, if access to treatment were expanded, how many crimes could be prevented 
and what are the costs and benefits off doing so? 

We use evidence from several sources to construct a synthetic dataset for 
answering the question: what are the expected benefits of ‘going to scale’ in 
treating drug involved offenders? To answer this question, we combine drug use 
and criminal justice data from the National Survey on Drug Use and Health 
(NSDUH) and the Arrestee Drug Abuse Monitoring (ADAM) program to esti
mate the prevalence of drug addiction or dependence in the arrestee population. 
Expected outcomes from substance abuse treatment from the Drug Abuse Treat
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ment Outcome Study (DATOS) is used to predict the benefits from treatment 
in terms of reduced crime. We find that about 1.5 million (probably guilty) ar
restees are at risk of abuse or dependence and that several million crimes would 
be averted if current eligibility limitations were suspended and all at risk ar
restees were treated. 

1.2. PRIOR RESEARCH 

1.2.1. Drug-Crime Nexus 

A substantial research literature links substance use and abuse to criminality 
(Anglin and Perrochet 1998; Ball et al. 1983; Boyum and Kleiman 2002; Brown
stein et al. 1992; Condon and Smith 2003; Dawkins 1997; DeLeon 1988a; 
DeLeon 1988b; Harrison and Gfroerer 1992; Inciardi et al. 1996; Inciardi 1992; 
Inciardi and Pottieger 1994; Johnson et al. 1985; MacCoun and Reuter 2001; 
Miller and Gold 1994; Mocan and Tekin 2004). Psychopharmacologic effects 
of substance use lead users to commit crimes while intoxicated and economic
compulsive effects lead users to commit crimes to gain resources to buy drugs 
(Goldstein 1985). Violence associated with the drug trade, and victimization of 
intoxicated, drug users contribute to drug-involved crime as well (Boyum and 
Kleiman 2002; Goldstein 1985; MacCoun et al. 2003). Drug sellers are often 
drug users (Reuter, MacCoun and Murphy 1990), and sellers who are incar
cerated tend to be replaced by new suppliers (Freeman 1996; Blumstein 2000). 
Young drug users and suppliers are most likely to be violent (Blumstein and 
Cork 1996; MacCoun et al. 2003). Drug users are also more likely to be the vic
tims of violence than non-drug users (Cottler, et al 1992), and criminal behavior 
increases as the frequency and intensity of use increases (Anglin et al. 1999; An
glin and Maugh, 1992; Chaiken and Chaiken 1990; Stewart et al. 2000; Vito, 
1989). Criminal incidence is highest for substance abusers while they are using 
drugs, four to six times more than when they are not abusing narcotics (Ball et al. 
1982; Gropper, 1985), a pattern that is even more pronounced among habitual 
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offenders (Vito 1989). Conversely, crime decreases as drug use declines, partic
ularly when it is income-generating crimes that decrease (Anglin et al. 1999; 
Chaiken and Chaiken, 1982; Degenhardt et al 2005; Inciardi 1987; Nurco et al. 
1990; Speckert and Anglin, 1986). 

A corresponding literature suggests treatment can be effective in reducing 
demand and associated offending. Economic studies have found that treatment 
is more cost-effective than incarceration (Caulkins et al. 1997; MacKenzie 2006; 
Lipsey and Cullen 2007), that intensive long-term treatment is most effective 
(NIDA 1999), that direct interaction with a judge is more effective for serious 
drug users (Marlowe et al. 2004), and that violent offenses cause the greatest 
economic damage to communities (Cohen 2003). The Drug Abuse Treatment 
Outcome Studies (DATOS) found length of participation in treatment to be the 
key predictor of success. While attrition rates from treatment are estimated from 
40% to 90%, studies show that those who remain in treatment for a sufficient 
period subsequently commit fewer crimes (French, et al 1993; Lewis & Ross, 
1994; Simpson, et al. 1997). In particular, patients with more severe problems 
reported better outcomes after 90 days of treatment (Simpson et al. 1999). After 
one year of treatment, major outcome indicators for drug use, illegal activities, 
and psychological distress were each reduced on average by about 50% (Hubbard 
et al. 1997). Prevalence of arrest fell from 34% in the year before intake to 
22% one year after enrolling in treatment (Simpson et al. 2002). The average 
net economic benefit from an episode of long-term residential treatment was 
$10,344 and $795 from an episode of outpatient treatment (Flynn et al. 1997). 

The number of drug users has remained relatively stable over time (Rhodes, 
et al 2000) suggesting a general aging of the cocaine and heroin-using population 
(Golub and Johnson 1997). Despite this, drug users face a significant risk of ar
rest and incarceration: a part-time drug seller in Washington, D.C. has a 22% 
risk of imprisonment in a given year, and spends about one-third of their crim
inal career incarcerated (Reuter et al. 1990; MacCoun and Reuter 2002). Mark 
Kleiman (1997) estimates that heavy users of cocaine who are arrested annually 
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consume 60% of the cocaine in the United States. The Bureau of Justice Statis
tics estimates that about half of both federal prisoners and jail inmates abuse 
or are dependent on drugs (Mumola & Karberg 2006; Karberg & James 2005). 
Few, however, received treatment within the criminal justice system (Harrell 
and Roman 2001; Marlowe 2003). Among incarcerated populations, only about 
15 percent received drug treatment (Karberg and James 2005). 

1.2.2.	 Criminal Justice System Interventions with Drug-Involved 
Offenders 

Given the preponderance of evidence that treatment can be effective, over the 
last three decades various criminal justice system innovations have emerged to 
treat drug and alcohol abusing offenders in the community with criminal justice 
system oversight. The first widespread intervention, Treatment Accountability 
for Safe Communities (TASC), redirected drug offenders from the court system 
into treatment facilities. TASC provided the link between the judicial system 
and treatment services and offered participation incentives in the form of case 
dismissal for successful completion (Nolan 2001). An outcome evaluation of five 
TASC programs found some evidence of reduced recidivism and drug use, but 
the results were mixed (Anglin et al. 1999). In the late 1980s, a more rigorous 
program, Intensive Supervision Probation (ISP), was developed to monitor drug 
offenders in the community as an alternative to incarceration with the goal of re
ducing prison crowding and providing more thorough supervision than regular 
probation (Tonry 1990). However, evaluation of the ISP program suggests that 
the level and intensity of treatment was minimal and the program failed to affect 
participant drug involvement. Overall, ISP resulted in increased incarceration 
rates, although the effect may have been confounded by increased participant 
scrutiny (Tonry 1990; Petersilia, et al. 1992; Turner, et al. 1992). Similar pro
grams such as those mandated under Proposition 36 passed in California in 2001 
and the Drug Offender Sentencing Alternative (DOSA) program in Washington 
serve large numbers of offenders in several states, and these have generally been 
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found to yield better treatment and criminal justice outcomes (Aos et al. 2005; 
Longshore et al. 2004). 

1.2.3. Therapeutic Jurisprudence and Drug Courts 

While each of these programs has linkages to the criminal justice system, they 
did not fully exploit the coercive powers of the criminal justice system to incen
tivize compliance with treatment protocols. Under the rubric of therapeutic ju
risprudence, a more formal model of intensive court-based supervision, referred 
to as drug treatment courts, emerged in the 1990s (Hora, Schma and Rosenthal 
1999; Senjo and Leip 2001; Slobogin 1995; Wexler and Winick 1991). The thera
peutic jurisprudence model posits that legal rules and procedures can be used to 
improve psychosocial outcomes, an idea supported by a growing research con
sensus that coerced treatment is as effective as voluntary treatment (Anglin et al., 
1990; Belenko 1999; Collins and Allison 1983; DeLeon 1988a; DeLeon 1988b; 
Hubbard et al. 1989; Lawental et al. 1996; Siddall and Conway 1988; Trone and 
Young 1996). A number of studies have found that drug treatment court par
ticipation reduces recidivism rates (Finigan, 1998; Goldkamp and Weiland 1993; 
Gottfredson and Exum 2002; Harrell and Roman 2002; Jameson and Peterson 
1995; Peters and Murrin 2000; Wilson et al. 2006). In response, the model has 
proliferated, and by 2005 there were about 600 adult drug courts in operation in 
the United States, including most medium and large counties. 

Despite the pervasiveness of the drug treatment court model, drug courts 
routinely exclude most of the eligible population. A survey of adult drug courts 
in 2005 (Rossman et al 2007) found that only 12% of drug courts accept clients 
with any prior violent convictions. Individuals facing a drug charge, even if the 
seller is drug dependent, are excluded in 70% of courts for misdemeanor sales 
and 53% of courts for felony sales. Other charges that routinely lead to exclu
sion include property crimes commonly associated with drug use (theft, fraud, 
prostitution), young offenders with marijuana charges, and current domestic 
violence cases (only 20% accept domestic violence cases). Many also reject of
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fenders based on the severity of the users drug problem. However, eligibility 
based on drug use severity is applied inconsistently—16% of drug courts exclude 
those with a drug problem that is deemed too serious, while 48% reject arrestees 
whose problems are not severe enough. Almost 69% exclude those with co
occurring disorders. Even among eligible participants, more than half of drug 
courts (52%) report they cannot accept some clients who are eligible for partic
ipation due to capacity constraints. Given these criteria, we estimate that fewer 
than 30,000 annually enroll in drug treatment courts. On the other hand, if the 
Bureau of Justice Statistics estimates of dependence and abuse are correct, several 
million individuals are arrested annually who use illegal substances (Mumola & 
Karberg, 2006; Karberg & James, 2005). 

Based on available evidence on the general crime reducing benefits that ac
crue by treating drug involved offenders, our research was motivated by the need 
to provide policy makers some guidance on the prospects of going to scale. That 
is, what crime reductions can we reasonably expect if more drug involved of
fenders received treatment? We explain our analytical strategy for exploring this 
issue next. 



Chapter 2 

The Research Design 

The most straightforward way to investigate this issue would be to identify and 
assess a sample from the population of all arrestees nationwide who are probably 
guilty and at risk of drug abuse or dependence. That is, since an admission of 
guilt is generally required for enrollment into therapeutic jurisprudence based 
programs, we would need to ensure that we sample from a population of guilty 
arrestees. For each arrestee we would like to observe the number of crimes 
(by type) that could be prevented if they were treated (under various treatment 
modalities). Of course, such data do not exist. It is, however, possible to gen
erate synthetic data that provide information on all the relevant quantities. If 
appropriately constructed, analysis of these synthetic data provides a sound ba
sis for making valid inferences about population characteristics. Our research 
employs this strategy for estimating the number of potential clients and the 
expected number of crimes avertable by treating these potential clients under 
various treatment modalities. 

To construct our sample, we define a potential client of a therapeutic ju
risprudence program as any arrestee who is probably guilty of a crime and is 
also at risk of substance abuse. To determine the nature of the arrestee’s sub
stance use, we use the DSM-IV criteria to asses whether or not a drug involved 
offender is at risk of being dependent on drugs or of abusing drugs. We also 
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include a set of client attributes (e.g., age, race, or gender) as traits to be included 
in the design of the synthetic data, e.g. as attributes along which dependency 
may vary. 

We perform all of our analyses on profiles that represent types of individuals, 
rather than on individual observations. Because we combine information from 
multiple data sources, we can not observe information about the same individ
uals describing their risk, dependence and responsiveness to treatment. Since 
we can observe common attributes–socio-demographic characteristics, and in
formation about substance abuse and criminal histories across datasets–we cre
ate simulated (synthetic) profiles. These profiles, which are combinations of all 
attributes, are then used in the analysis in much the same way individual obser
vations would be used had that information been available. 

From these multiple data sources, we develop an exhaustive set of ‘profiles’, 
where each profile is one possible combination of all of the potential client’s at
tributes. For example, if we simply collected data on age, race and number of 
prior arrests, we would develop one profile for young male arrestees with few 
prior arrests, one profile for young male arrestees with many priors, etc. Hence, 
the synthetic data used in this analysis includes a profile for every client permuta
tion, allowing us to quantify the effect of drug treatment on every combination 
of client attributes and characteristics. 

We use simulation models to estimate outcomes for each profile, conditional 
on receiving each of four possible treatment modalities (described below). We 
use data from studies linking client traits and characteristics to outcomes to iden
tify expected outcomes for each of these profiles. Since not all of the profiles 
are represented in the outcomes data (from DATOS), we estimate expected out
comes for all client profiles. Putting all of these approaches together, we are 
able to model expected outcomes from treatment for a wide variety of potential 
clients. 
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2.1. SYNTHETIC DATA 

A great deal of attention has recently been paid to the potential of using syn
thetic data as a way of archiving data regarding individual behavior without 
actually providing sensitive micro-data (Abowd and Woodcock 2001). In that 
literature, the main purpose of synthetic data is to replace the actual micro data 
with a scientifically valid replacement, allowing for the robust estimation of out
comes without violating the confidentiality of individuals represented by the 
data. One valuable extension of this approach is the use of many synthetic data 
sets to generate expected outcomes, which allows for the modeling of statisti
cal uncertainty and the generation of standard errors and confidence intervals 
around outcomes. The method has been in general use in statistics for more 
than 25 years for handling missing data and has recently been formalized for the 
synthetic data problem (Reiter 2002, 2003; Ragunathan et al. 2003). 

Our motivation for using synthetic data is slightly different. We use this de
sign for the purpose of bringing together information from several disparate data 
sources. Data for this study were developed from the National Survey on Drug 
Use and Health (NSDUH) and the Arrestee Drug Abuse Monitoring (ADAM) 
program—to estimate the likelihood of various arrestee profiles having drug ad
diction or dependence problems—and from the Drug Abuse Treatment Out
come Study (DATOS)—to compute expected crime reducing benefits of treating 
various profiles of drug involved offenders under different treatment modalities. 
In order to do so, we defined a detailed exhaustive set of client attributes (based 
on availability across these sources) as a base data set. The attributes that define 
the synthetic database include all characteristics available for all the databases 
used in this study. We began by creating a synthetic data set of 40,320 client 
profiles with the attributes and categories listed in table 2.1. 

The base synthetic data set is a cross combination of all of these attributes. 
Each profile in the dataset is a list of attribute combinations that represents one 
row in this data set. For example, one profile could be a white male, aged 25 
years, who is arrested for a drug offense, who does not have a violent past nor 
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Table 2.1: Synthetic data profiles. 

Category Attributes 

Age Arrestee age (20, 25, 30, 35 40, or 45) 
Race Arrestee race (Black, White, or Other) 
Gender Arrestee gender (Male or Female) 
Criminal History Number of prior arrests (0, 2, 5, 10, or 20) 
Current Offense Most serious charge at current arrest (Violent, 

Drug, Property, or Other) 
Violent History Any prior violent charges (Yes or No) 
Treatment History Any prior treatments (Yes or No) 
Criminal Justice Status Is arrestee currently under any criminal justice 

supervision (Yes or No) 
Alcohol problems Is arrestee at risk of alcohol dependence or abuse 

(Yes or No) 
Geographic location Non-MSA, Large MSA (more than 1 million res

idents), or Small MSA (less than 1 million resi
dents) 

any past treatment, has two prior arrests, was not under active criminal justice 
supervision at the time of arrest, and was arrested in a MSA with less than a 
million residents. Another distinct profile could be for a female who has all the 
same remaining features. 

The next step is to determine how many individuals in the population are 
represented by each profile. That is, the proportion of the population (the preva
lence) of each profile. For each profile, a value is estimated that is used for 
weighting the profile by its prevalence in the population of interest. Moreover, 
since we are interested in assessing the prevalence of potential clients at risk of 
drug dependence or abuse, we have generated prevalence estimates conditional 
on drug dependence or abuse. 

Independently of the profiles’ prevalence, we also generate estimates of the 
expected crime reducing benefits of treating potential clients under various treat
ment modalities. This information is obtained from DATOS, and we interpo
late all expected outcomes of treatment onto the profiles in the synthetic dataset. 



13 The Research Design 

We describe the interpolation technique as well as the steps taken to obtain 
prevalence and treatment effect estimates in more detail in the following chapter. 
Before that, we turn to a description of our main data sources and their intended 
uses in constructing the synthetic data. 

2.2. DATA SOURCES AND USES 

To populate the synthetic data columns, we rely on three main data sources. 
We combine information from the National Survey on Drug Use and Health 
(NSDUH) and the Arrestee Drug Abuse Monitoring (ADAM) program to esti
mate the likelihood of various arrestee profiles having drug addiction or depen
dence problems. We also use the same sources to develop prevalence estimates 
of these profiles among arrestees nationally. We use information in the Drug 
Abuse Treatment Outcome Study (DATOS) to compute expected crime reduc
ing benefits of treating various types of drug involved offenders under different 
treatment modalities. Each dataset is described in more detail below. 

2.2.1. Arrestee Drug Abuse Monitoring (ADAM) 

ADAM data is used as the first step in defining the attributes used to construct 
our profiles, that is as the first source of socio-demographic, treatment and crim
inal information that may be common among datasets that describe risk of drug 
abuse or dependence. Since ADAM data is not representative, we use data from 
NSDUH to re-weight our ADAM sample. Funded by the National Institute of 
Justice, the Arrestee Drug Abuse Monitoring (ADAM) program is a research 
program designed to estimate illicit drug use in the population of arrestees in 
urban areas. Data on a stratified sample of arrestees were collected on a quar
terly basis in 2000, 2001, 2002 and, again in 2003 in 39 selected metropolitan 
areas in the United States. The sampling frame represents all facilities in the 
target county and all types of offenders arrested and booked on local and state 
charges within the past 48 hours. Self-reported and administrative data collected 
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include: (1) demographic data on each arrestee, (2) administrative criminal jus
tice records, (3) case disposition, including accession to a verbal consent script, 
(4) calendar of admissions to substance abuse and mental health treatment pro
grams, (5) data on alcohol and drug use, abuse, and dependence, (6) drug ac
quisition data covering the five most commonly used illicit drugs, (7) urine test 
results, and (8) for males, weights. 

ADAM contains several items that make it particularly appealing for our 
analysis. First, arrestees were asked about the total number of times they were 
arrested in the prior 12 months. We use this quantity to estimate the prevalence 
of arrestees nationwide (described in more detail below). The same domains are 
also collected for a non-probabilistic sample of female arrestees. 

Second, among respondents who said they used drugs or alcohol during the 
last 12 months, arrestees were asked six questions about their substance use to 
allow for a categorization of their risk of drug abuse or dependence following 
Diagnostic Statistical Manual (DSM-IV) definitions. The DSM-IV distinguishes 
between two types of drug problems, substance abuse disorder and substance 
dependency disorder (which is commonly referred to as addiction). Substance 
abuse disorder is based on the frequency of drug use, the use of drugs in par
ticular situations, negative outcomes that can be linked to the use of drugs, 
pronounced use of drugs in the face of evidence that drugs are contributing to 
personal and interpersonal problems. By contrast, the conditions for substance 
dependency disorder are broader. These include physical symptoms, such as tol
erance and withdrawal, and patterns of behavior aimed at either unsuccessfully 
reducing the influence of drugs or allowing for greater amounts of drugs to be 
taken.1 

Finally, ADAM contains detailed information on the current charge, the ar
rest history, criminal justice status, arrestee age, race, and gender, as well as an 

1Data from ADAM describing individual responses to DSM-IV items are not included in the 
public release version of ADAM. Public data flag individuals as being at risk of drug dependence 
or abuse. Similarly, they are flagged as being at risk of alcohol dependence or abuse. We use 
these items to compute the probability of drug dependence or abuse. 
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indicator for the ADAM site. We use information from the Census to classify 
each of the ADAM sites as belonging either to a large MSA (with over 1 million 
residents), a small MSA (with fewer than 1 million residents), or a non-MSA. 
Using all these items, we create the set of arrestee attributes for each profile. We 
use ADAM data (in combination with NSDUH as described below) to predict 
the probability that a particular profile is at risk of drug abuse or dependence. 
The probability of drug abuse or dependence calculated from ADAM and NS
DUH data were then joined with DATOS data to predict expected changes in 
offending, conditional on treatment. 

In sum, in our analysis, we used ADAM data to predict the probability that a 
profile is at risk of drug abuse or dependence. However, since ADAM is not na
tionally representative, the prevalence of each profile is also not nationally rep
resentative for several reasons. For instance, we have combined the male and fe
male samples in ADAM, which means our final sample is not representative even 
of the 39 metropolitan areas included in ADAM. Moreover, because ADAM is 
a study mainly of metropolitan areas, it undercounts arrestees in smaller MSAs 
and non-MSAs. In order to correct for these imbalances and to make ADAM 
data more representative of all arrestees nationwide, we utilize another data set 
(NSDUH) to re-weight ADAM data. The item that is re-weighted using NS-
DUH is the prevalence of each profile in the population. 

The probability that a profile is at risk of drug abuse or dependence is still 
calculated from ADAM, but the weight assigned to each profile (how often it ap
pears in the population) is adjusted using NSDUH. In re-weighting the ADAM 
data, we are motivated by making the sample of arrestees in the ADAM data 
more representative of arrestees nationwide. What we attempt is different from 
what, for example, Rhodes and his colleagues (Rhodes at al. 2007) computed. 
Rhodes et al. (2007) are primarily interested in computing the arrest rate among 
chronic drug users. Our primary interest lies in computing the prevalence of 
risk of drug dependence or abuse among arrestees nationwide. 
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2.2.2. National Survey on Drug Use and Health (NSDUH) 

Funded by the United States Department of Health and Human Services, the 
National Survey on Drug Use and Health (NSDUH) series (formerly titled Na
tional Household Survey on Drug Abuse) measures the prevalence and corre
lates of drug use in the United States. The NSDUH data represents the civilian, 
non-institutionalized population of the United States age 12 and older. The sur
vey covered substance abuse treatment history and perceived need for treatment, 
and (as is the case for ADAM) includes questions from the Diagnostic and Sta
tistical Manual (DSM) of Mental Disorders to apply diagnostic criteria. 

Moreover, the data provide detailed information on illegal involvement, which 
allows us to select observations from NSDUH that resemble the population in 
ADAM, and thus the population of interest in the study. Using information 
on illegal involvement over the last 12 months, we sub-set the data to include 
only those individuals who were arrested and booked at least once during the 
last year. Additionally, we restricted our NSDUH sample to adults who were 
18 years and older. From the initial respondent pool of 55,031, we select about 
10,347 observations for use in our study. 

Based on a set of elements common to ADAM and NSDUH, we computed 
new ADAM weights to re-weight the current ADAM sample to exploit the more 
representative data in the NSDUH sample. The items we include in the re-
weighting include age, race, gender, current offense, flags indicating risk of drug 
dependence, risk of drug abuse, a flag indicating risk of alcohol dependence or 
abuse, and geographic location (non-MSA, large MSA, or small MSA). We esti
mate the probability that an observation in the combined NSDUH and ADAM 
datasets is in ADAM. We then use this predicted probability to compute a weight 
which is applied to the profile’s prevalence among all arrestees nationwide. De
fine ti = 1 if the observation is from ADAM (the convenient sample) and ti = 0 if 
it is from NSDUH (a sample representing the target population more closely). 
Then define wi = Pr(ti = 0|xi )/ Pr(ti = 1|xi ) ∀i ∈ N where N is the size of c c 

the ADAM sample. One may further compute functions of these weights, e.g., 
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normalized to 1, before using it to re-weight the convenient sample for analy
sis. After re-weighting, we confirmed that the re-weighted ADAM sample did 
resemble the NSDUH data, at least on the attributes utilized in the exercise. 
From that point onwards, we utilized the re-weighted ADAM data for all our 
analysis. 

2.2.3. Drug Abuse Treatment Outcome Study (DATOS) 

Funded by the National Institute on Drug Abuse (NIDA), the Drug Abuse 
Treatment Outcome Studies (DATOS) began in 1990 with the goal of evaluating 
substance abuse treatment outcomes. DATOS is a longitudinal study of 10,010 
adults entering 96 participating treatment programs in eleven statistically repre
sentative cities from 1991 to 1993. DATOS evaluated the effectiveness of four 
common treatment modalities on four primary topical domains: (1) cocaine 
use, (2) HIV risk behaviors, (3) psychiatric co-morbidity and (4) criminal behav
ior. Treatment modalities included Outpatient Methadone Treatment (OMT), 
Long-Term Residential (LTR), Outpatient Drug-Free (ODF), and Short-Term 
Inpatient (STI). Data were collected at baseline and 3, 6, 12, and 60 months after 
completion of treatment. 

Data from DATOS were used to estimate the crime-reducing benefits of 
treating drug involved offenders. That is, we wanted to link each profile, weighted 
by its prevalence in the population, to the expected change in criminal offending 
that would occur if that profile were treated. We perform the exercise by treat
ment modality so that we obtain estimates of the crime reducing benefits to be 
expected conditional on arrestee attributes, treatment modality, and risk of drug 
dependence or abuse. Moreover, we were able to obtain detailed crime reducing 
benefits for all crimes as well as select sub-types (including drug related, fraud & 
forgery, burglary, larceny, robbery, aggravated assaults, and sexual assaults). 

DATOS contains detailed information on illegal activities one year prior to 
treatment intake, the complete history of illegal activities prior to that, the il
legal activities in the year following intake, and detailed information on our 
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attributes of interest. However, DATOS represents only participants entering 
treatment—there are no counterfactual data. That is, there is no comparison 
group studied which would generate information about expected offending for 
non-participants. Thus, no data from DATOS are available that directly predict 
how much crime was prevented by treatment. Therefore, we must interpolate 
expected outcomes using information about expected offending predicted by 
client attributes. We therefore generate a simulated counterfactual from these 
data in order to estimate the crime reducing benefits to be expected from treat
ment. A technical discussion of the interpolation approach can be found in 
Appendix I. 

2.2.4. Summary of the Elements of the Synthetic Data Set 

Figure 2.1 graphically depicts the kind of data file we populated using data from 
a various sources described above. 

Each row in the figure represents one of the 40,320 profiles that are a cross
combination of observable attributes. The first column, “Profile’s Prevalence in 
the Population of Arrestees” is a value developed from ADAM and NSDUH. 
The next two columns use ADAM data to predict the expected proportion of 
that profile that would be expected to be at risk of drug abuse and at risk of 
drug dependence. The following columns describe the expected reduction in 
the number of crimes, conditional on treatment. Each of the four treatment 
modalities in DATOS are measured independently, and estimates are created for 
both groups of drug-involved offenders (those at risk of abuse and those at risk 
of dependence). Once these estimates are created, the total number of crimes 
avertable by treatment is estimated by summing across profiles, weighting each 
profile by its prevalence. 

The next section describes the estimation strategy used to generate the val
ues in figure 2.1. Once the cells in figure 2.1 were populated, we then calculated 
the expected costs of delivering treatment in each modality (and an additional 
cost to represent the costs to the court system of administering the program). 
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We also translate the number of crimes into monetized values to account for 
the variation in harms to victims and cost to the criminal justice system that is 
a function of the severity of the particular crimes that are prevented by treat
ment. A description of the method to develop these costs and benefits follows 
the section on estimation. 

Finally, once the synthetic data were prepared, and all outcomes were es
timated for each profile (that is, the reduction in offending for each profile, for 
those at risk of drug abuse and dependence, and for each of the various treatment 
modalities) we ran simulation models to compare a set of policy options to in
form policy. That is, it is not enough to simply say that a profile will experience 
x outcomes conditional on receiving y treatment, we must compare those out
comes to current policy, and to a set of possible policies. In particular, we are 
interested in simulating an expansion of drug court-like programs, since these 
programs have been demonstrated to deliver services of sufficient dosage that it 
is reasonable to expect that they would yield results similar to the expected out
comes predicted by the DATOS study. The simulation models consider several 
possible expansions of the drug court model, and these expansions are mainly 
achieved by sequentially relaxing current drug court eligibility rules. A descrip
tion of eligibility rules follows the description of the simulation models, which 
in turn is followed by a section describing the findings. 



Chapter 3 

Estimation Strategy 

In this section, we describe how the prevalence estimates were computed and 
how the benefits from reducing new crimes by treating drug involved offenders 
were derived. We also list a set of key assumptions that go into our analysis. 

All of our estimation is based on using the empirical similarity between the 
profiles and raw data sources. We explain the estimation and use of these sim
ilarity weights in details in Appendix IV. In short, the expected value of any 
quantity (for example, the prevalence or the treatment effect) for a particular 
profile is the weighted average of the same quantity across all observations in 
the raw dataset. The weights reflect the empirical similarity of the profile to the 
raw data set observations. This technique allows us to interpolate values from 
the raw datasets onto the synthetic dataset, while allowing the functional form 
of the links be very flexible. 

3.1.	 A PROFILE’S PREVALENCE IN THE POPULATION OF 
ARRESTEES 

Returning to figure 2.1, the first column, the profile’s prevalence in the popula
tion of arrestees is an estimate of the annual number of arrestees nationwide for 
each of the 40,320 profiles in the dataset. 
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As noted in the previous chapter, we utilize a re-weighted version of the 
ADAM dataset for estimating the prevalence of particular profiles in the popu
lation of interest. Unfortunately, the ADAM dataset contains information on 
the number of arrests each year but not the number of arrestees. However, the 
re-weighted ADAM dataset does provide information on the number of times 
individuals were arrested in the year prior to the current booking. We use the 
concept of a re-capture rate to convert the number of arrests into number of 
arrestees. Note that if, for a particular profile, we have a low recapture rate then 
the number of arrestees will be approximately equal to the number of arrests 
(since they are being recaptured infrequently). On the other hand if, for a partic
ular profile, we have a very high recapture rate then the number of arrestees will 
be relatively low (since the same arrestees are being recaptured several times). 

First, we estimate the number of bookings per year nationwide of a particu
lar profile by interpolating this quantity from the re-weighted ADAM. Profiles 
that are more similar to high booking rate observations in ADAM will have 
higher interpolated booking rates than will profiles that are less similar to these 
high booking rate observations. In a similar manner, we calculate the recapture 
rate for each of these profiles. Once we estimate the re-capture rate, we can then 
calculate the number of arrestees (as apposed to arrests). Note that the number 
of arrestees is an appropriately scaled down (by the recapture rate) version of the 
number of arrests per profile. 

Finally, the estimated number of arrestees can then be combined with the 
rate of risk of dependence and abuse to calculate the number of arrestees in each 
profile that are in each condition. And thus, in this step we are able to fill in data 
for the first three columns in figure 2.1. A detailed description of this process is 
provided in the mathematical appendix. 

3.2. SIMULATED COUNTERFACTUAL 

The next step in the analysis is to calculate the crime reduction benefits that can 
be expected from treating drug involved offenders. There are several ways one 



23 Estimation Strategy 

can generate this quantity. First, and optimally, if we could randomize individ
uals into the treatment and control groups, then the difference between their 
outcomes (say, recidivism) could provide us an average treatment effect. Or, in 
the absence of randomization, we could use some quasi-experimental design and 
use observational data to recover treatment effects. There exists an extensive 
literature on establishing causal effects from observed data. Reviewing that lit
erature is beyond the scope of this paper (see the exchange between Heckman 
(2005a,b) and Soble (2005) for an extensive review of the issues and controversies 
surrounding causal analysis). The common thread in all of the non-experimental 
approaches to generating the treatment effect estimates is the need for an ap
propriate counterfactual. Since the same individual cannot be observed under 
treatment and not under treatment, we need some way to generate an estimate 
of what would have happened to treated individuals had they not been treated. 

There are three essential components to the development of the counterfac
tuals. First, we have observed outcomes (e.g., recidivism) that we wish to com
pare. Second, we potentially have a set of observed attributes (e.g., age, race, 
gender, etc.) that may be relevant to take into account when comparing those 
who do and do not receive treatment. Finally, there is the unknown—what we 
don’t know or see about the individual—that may be relevant for computing an 
appropriate counterfactual. Experimental methods are designed to mitigate the 
effect of unobserved states and traits to allow comparisons across those who do 
and do not receive treatment. Typically, all available evidence is used to make 
sure that the groups are as comparable as possible either by matching them, 
weighting them, or randomly assigning them, and then multivariate regression 
(or some variant thereof) is used to account for heterogeneity. 

In this research effort, we take a different approach to estimating the crime 
reducing benefits of treating drug involved offenders. We use data only on a sam
ple of individuals receiving various forms of treatment. However, rather than 
seek to identify an appropriate comparison group to compare the outcomes of 
the treated group with, we simulate a sample of identical twins for each individ
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ual based on their attributes. What we are missing for this sample is the outcome 
(e.g. recidivism) that would have been observed in the absence of treatment. We 
simulate this quantity. 

One of the most consistently documented criminological associations is the 
link between prior and future criminal activity (Nagin and Paternoster 1991). 
Individuals who were criminal in the past have a strong likelihood of being 
criminal in the future. Although criminologists do not speak with one voice 
about the explanation for this persistence in, and more interestingly desistance 
from, criminal activity (Piquero et al. 2003), the theoretical debate underlying 
this linkage centers on the causal interpretation attributed to the link between 
past and future crime (Nagin and Paternoster 1991). None, however, deny that 
this link exists. In a similar manner, it is a well established fact that the offend
ing rate evolves non-monotonically—first increasing then decreasing—with age 
(Farrington 1986). In this research effort, we utilize this link between past and 
future offending as a way to generate plausible counterfactuals. 

DATOS provides us information on how many crimes individuals commit
ted one year prior to intake and then during the first year post-intake. A simple 
comparison of the pre-intake and post-intake offending rate would be an incor
rect way of assessing the effects of treatment precisely because of the age-crime 
link noted above. Hence, despite knowing how much crime individuals commit
ted post-intake, we lack an appropriate counterfactual to compare this number 
to—how many crimes they would have committed had they not been treated. 

To estimate this counterfactual, we model the link between the pre-intake of
fending rate and various individual attributes. Crucial among these are clients’ 
age and criminal history. Then, we use this model to project what the clients’ 
offending rate would have been had they aged by a year and increased their crim
inal history by a particular amount. We augment the criminal history by the 
observed pre-intake offending rate. This yields a simulated offending rate one 
year out for an arrestee who moved one year further along the age crime curve 
and one who had a higher criminal history but did not receive treatment. We 
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treat this estimate as the simulated counterfactual. We then compare these simu
lated counterfactuals (for each profile) with the actual offending rates during the 
one-year follow-up period to compute the treatment effect. Figure 3.1 provides 
a graphical presentation of how we define the treatment effect. 

Since the counterfactual is an exact replica (twin) of our sample members 
so that all attributes are identical (with the only exception being that the twin 
has aged by one year and has acquired some more criminal history) we control 
for all observed and unobserved differences. We define the difference between 
the factual and the counter-factual as the treatment effect. Note that the links 
between offending and age as well as offending and criminal history are both 
flexible functional form. As such, depending on who the individual is and how 
old the individual is, the counterfactual could have a higher, lower or stable. The 
advantage of this strategy over conventional quasi-experimental designs is that 
we do not have to adjust the control group to make it comparable to the treat
ment group: every observable (and unobservable) attribute is identical. Thus, 
we have generated an expected outcome for the treatment group one year into 
the future by exploiting the relationship between their current offending behav
ior, age, criminal history, and other attributes. 

Expected treatment effects were developed for each offender profile in our 
synthetic dataset. Moreover, estimates were generated conditional on drug de
pendence or abuse and conditional on treatment modality. 

3.3. SIMULATED ELIGIBILITY 

As discussed earlier, the drug court is the place within the criminal justice system 
where long-term, high dosage treatment is most likely to be delivered. While 
other substance abuse diversions exist in the criminal justice system, only drug 
courts are designed to oversee the delivery of treatment that is consistently of 
sufficient duration and dosage to modify behavior as predicted by DATOS. We 
therefore use the drug court as a model for the delivery of services within the 
criminal justice system. 
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For the purposes of our study, the adult drug court model provides two 
important pieces of information. The first important piece of information pro
vided by drug courts concerns who is likely to be served if criminal justice
based substance abuse treatment goes to scale. From our synthetic data we are 
able to create estimates of the benefits of serving different profiles with varying 
attributes. However, these profiles are artificial, and do not reflect real-world 
decision-making about the trade-offs between prosecuting substance abusing of
fenders who are likely to be found guilty and be sentenced, or, deferring pros
ecution while these offenders are treated in the community. Operational drug 
courts, however, make explicit policy choices between serving and prosecuting 
drug-involved offenders based on observable offender attributes. These choices 
are reflected in choices about who is, and is not, eligible for drug courts. We use 
this information to estimate a conditional eligibility probability for each profile 
and assess whether current eligibility rules lead to a net benefit. We then incre
mentally relax those eligibility rules to simulate whether individuals who are 
currently not eligible for drug courts can be efficiently treated. 

Second, drug courts give us a place to observe the expected costs of deliv
ering services to drug-involved offenders. That is, the expansion of substance 
abuse treatment would likely yield two additional sources of cost—the cost as
sociated with the direct provision of treatment, and the costs of coordinating 
and monitoring service delivery. In this study, we use extant data on treatment 
costs, as described later. We also estimate the costs of drug court that are asso
ciated with supervising offenders and model those expenses in our cost model. 
In sum, we do not observe treatment costs from extant drug courts, only the 
costs of supervision, and derive treatment cost estimates from other sources. 
The discussion that follows describes the survey data used to stratify profiles by 
eligibility rules. The section that follows describes drug court cost. 
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3.3.1. Drug Court Survey Data Describing Eligibility Criteria 

Data on adult drug court eligibility were gathered from a survey of 600 drug 
courts in 2005 administered as part of the Multi-Site Adult Drug Court Evalu
ation (MADCE) conducted by the Urban Institute, RTI International and the 
Center for Court Innovation. The web-based survey queried drug court admin
istrators about 70 different characteristics of court operation. Several of these 
items pertained to their court’s eligibility criteria. Other data include the loca
tion, size and demography of their drug court, which we used to identify the 
probability that a profile would be served by each type of drug court. The sur
vey sample includes all adult drug courts that had been in operation at least one 
year during FY 2005. In total, 378 (63%) of adult drug courts responded to the 
survey. 

For this portion of the study, we sought to estimate the probability that each 
profile would be eligible for drug court participation. In order to estimate the 
probability of drug court eligibility for each profile, relevant survey questions 
were mapped to attributes that correlate to eligibility in the synthetic dataset. 
In most cases, there was a variable in the survey that measured an identical con
struct as a variable in the synthetic dataset. For instance, the survey reports that 
many drug courts exclude as potential participants anyone with prior violence, 
and prior violence is also observable in the synthetic data. Across all adult drug 
courts, dozens of eligibility restrictions can be found. Some of those eligibility 
rules are subjective, and others are not routinely recorded in administrative data. 
Thus, not all of those attributes are observable in the synthetic data. However, 
we were able to identify six attributes (number of prior arrests, past violence, 
past treatment, age, gender, and alcohol abuse) that are used to determine eligi
bility 

However, several survey questions were not perfect matches, but a reason
able approximation could be developed. For instance, geographic location is cat
egorized as urban, suburban, or rural in the synthetic data, but was defined as 
MSA with > 1 million residents, MSA with< 1 million residents and non-MSA 
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on the drug court survey. To make these variables comparable, we recoded MSA 
> 1 million as “urban,” MSA< 1 million was coded as “suburban” and non-MSA 
was coded as “rural.” Likewise, while the synthetic dataset specified numbers of 
prior arrests, the drug court survey asked administrators about the number of 
prior convictions offenders were allowed to have while retaining eligibility. To 
create a consistent metric, the number of prior arrests was multiplied by 0.66, 
the weighted average probability of conviction conditional upon arrest, for all 
index crimes (following Harrell, Roman and Cavanagh 1998). We identified in
dividuals with prior treatment history, who were determined to be ineligible if 
the individual either failed to successfully complete prior treatment or were past 
enrollees in drug court (regardless of the outcome). A court was classified as 
excluding arrestees with an active criminal justice status if they exclude individ
uals with another pending criminal case, or individuals currently on probation 
or parole. Table 3.1 describes the percentage of drug courts excluding offenders 
with each of the six attributes. In total, we estimated eligibility probabilities for 
all ten attributes used to construct the profiles. No drug court excluded based 
on race, so those data are not included in table 3.1. Eligibility based on drug 
use severity (at risk of abuse or at risk of dependence) and the availability of 
treatment are discussed below. 

There is substantial variation across offender attributes in the likelihood of 
being excluded (found ineligible) for drug court. Only a handful of drug courts 
exclude offenders on the basis of age. Though few drug courts exclude offenders 
based on number of prior arrests, the overwhelming majority of drug courts 
(88%) exclude offenders with a violent history. Approximately half of drug 
courts exclude offenders with prior treatment history and about one third ex
clude offenders with a history of alcohol abuse. Half of all adult drug courts ex
clude offenders who are currently on probation or parole or have another open 
criminal case. The overall percentage of arrestees who are excluded is high, be
cause the presence of a single exclusionary attribute is generally sufficient for 
an individual to not be accepted into drug court. In addition to limiting the 

http:multipliedby0.66
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Table 3.1: Percent of responding adult drug courts con
sidering individuals eligible for participation, by select at
tributes 

Criteria Pr(eligible)


Offender’s Age 
Age <= 20 0.99 
Age > 20 1.00 

Offender’s Prior Criminal History 
Number of Prior Arrests > 2 0.98 
Number of Prior Arrests > 5 0.93 
Number of Prior Arrests > 10 0.85 
Number of Prior Arrests > 20 0.85 

Current Most Serious Offense 
Violent 0.37 
Property 0.94 
Drug 0.99 
Other 0.93 

Offender has past violence 0.12 
Offender has past treatment history 0.51 
Offender has active criminal justice status 0.50 
Offender has alcohol abuse problems 0.66 

Source: Urban Institute analysis of MADCE surveys. 

number of individuals treated in drug court due to eligibility limitations, drug 
courts also limit the number of people who are treated due to limitations on the 
number of clients who can participate in a drug court at any one time; we return 
to this topic below. 

3.3.2. Estimating the Size of the Drug-Court Eligible Population 

The size of the drug court eligible population was estimated in three steps. In the 
first step, a probability of eligibility for each profile in the synthetic database was 
estimated. To do this, we estimated the probability that each profile would be 
found to be eligible for drug court by multiplying the conditional probabilities 
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of treatment for each of the ten characteristics along which the synthetic dataset 
was stratified. Each profile’s probability of drug court eligibility is based on the 
assumption that each characteristic is statistically independent. So, for example, 
we would observe that a profile included those with past violence (which had 
a 88% likelihood of exclusion) and included individuals with alcohol problems 
(which a 34% chance of exclusion). Thus, the conditional probability of exclu
sion was 92% on those two characteristics alone. This process was then repeated 
for the other five eligibility restrictions. 

The second step in the eligibility estimation process was to weight the prob
abilities in the first step by the probability that an arrestee at risk of drug abuse 
and dependence. Based on responses to the MADCE survey, all drug courts 
were assumed to accept those at risk of drug abuse (those offenders with less se
rious substance abuse problems) as eligible for drug courts. Thus, for this group, 
there was no decrease in the probability that a profile was eligible. However, 
many drug courts (61.5%) exclude those with the most serious drug problems. 
So, we multiply the probability that a profile is eligible by 38.5% for all profiles 
in order to estimate the number at risk of drug dependence who are eligible for 
drug court participation. 

The third step is to adjust these probabilities by a scaling factor to account 
for the limited number of drug court treatment slots. That is, even though most 
arrestees at risk of drug abuse or dependence are ineligible for participation in 
drug courts based on the eligibility criteria described above, there are still more 
individuals eligible for drug court than there are drug court placements. On 
average, we estimate that 16% of profiles for arrestees at risk for drug abuse are 
eligible for drug court. We estimate that 6% of profiles for arrestees at risk for 
dependence are eligible for drug court. Though there is considerable variation, 
for both groups more than half of profiles have less than a 10% probability of 
drug court eligibility. Combining both at risk populations, the weighted aver
age probability of drug court eligibility was 7%, for a total of 109,921 drug court 
eligible arrestees. Again, there are too few drug court slots to treat all of those 
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109,921 eligible, so we must scale down the eligible number into order to esti
mate the size of the population that is both eligible and for whom a treatment 
slot is available. 

To complete the third step and estimate the number of drug court eligible 
arrestees, we first estimated the number of drug court slots (109,921) using the 
survey of drug court administrators. Next, we multiply the probability that a 
profile is eligible in the second step, by the probability that an eligible profile 
would actually secure one of the scarce drug court slots. We are then able to 
make two important estimates—the number of individuals who are eligible for 
drug court, and the number of eligibles who actually receive treatment under a 
drug court regime. 

Among drug courts that responded to the survey, the average number of 
participants currently enrolled was 93. In order to devise a national estimate 
of the number of drug court clients annually enrolled, we assume that 93 is 
the average number of drug court clients. Thus, we assume that the average 
drug court that responded to the survey is the same as average drug court that 
did not respond to the survey. Rossman et al. (2008) reports that drug courts 
from larger jurisdictions were more likely to respond than drug courts from 
smaller jurisdiction, so this is probably a conservative assumption. Finally, the 
number of enrollees per court per year (93) was multiplied by 600, which is the 
population of adult drug courts in operation in 2005 that had been in operation 
for at least one year. Rossman et al. (2008) report substantial efforts were made 
to identify all drug courts meeting these criteria, and that it is likely that some of 
the non-responding drug courts were not currently in operation, so this is also 
probably a conservative assumption. Thus, we estimate that there were 55,365 
adult drug court participants in 2005. 

As shown in table 3.2, there were substantially more arrestees eligible for 
drug court than there were treatment slots. To estimate the number of at-risk 
arrestees who were actually treated in drug court, we weight the eligible popula
tion by the probability a slot would be available. Since the number of available 
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Table 3.2: Population of arrestees eligible for drug courts 

Urban Rural Suburban Overall 

Size of the at-risk population 
Size of the drug court-eligible 
population 
Estimated number of drug 
court slots 
Percentage of drug court 
eligible arrestees who were 
treated at drug court 
Percentage of all arrestees who 
are eligible and treated at drug 
court 

525,224 
39,238 

18,998 

48.4% 

3.6% 

485,223 
36,250 

25,106 

69.3% 

5.2% 

460,891 
34,433 

11,261 

32.7% 

2.4% 

1,471,338 
109,921 

55,365 

50.4% 

3.8% 

Source: Urban Institute analysis of MADCE surveys. 

slots and the drug court eligible population both vary by the size of their juris
diction, we calculate these probabilities by type of the jurisdiction. 

In summary, of the almost 1.5 million arrestees at risk of drug abuse or de
pendence, 109,921 (about 7%) met drug court eligibility requirements. Of the 
109,921 eligibles, approximately half (55,364) were actually enrolled in a drug 
court program. In aggregate, just 3.8% of the at-risk arrestee population was 
treated in drug court. 

3.3.3.	 Estimating the Number of Individuals Currently Receiving Drug 
Treatment 

In order to estimate the cost-effectiveness of treating arrestees, we must deter
mine what type of treatment would be received. There are no existing estimates 
of the number of individuals in drug court who receive each of the four treat
ment modalities considered in this paper. As such, we relied on estimates of 
the number of individuals receiving each of the four treatment modalities na
tionwide, irrespective of delivery via drug court. To create these estimates, we 
multiplied the number of drug court slots by the proportion of individuals na
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Table 3.3: Estimated number of individuals receiving each treat
ment modality in drug courts 

Urban Rural Suburban Overall


Long-term Residential 1,221 1,613 724 3,558 
Short-term Residential 2,339 3,091 1,386 6,816 
Outpatient Methadone 3,396 4,488 2,013 9,897 
Outpatient Drug-Free 12,042 15,913 7,138 35,093 
Total 18,998 25,105 11,261 55,364 

Source: Urban Institute analysis of MADCE surveys. 

tionwide who receive each of the four treatment modalities. Thus, we implicitly 
assume that treatment delivered through drug courts follows the same distri
bution of treatment modalities nationally. Table 3.3 displays these results by 
regional type. 

Across all three regional types, outpatient drug-free therapy was, by far, 
the most common service offered to substance-involved individuals, comprising 
63% of treatments. Methadone (18%) was the second most common treatment 
followed by short-term residential (12%) and long-term residential (6%). As we 
incrementally relax the eligibility restrictions to test the cost-effectiveness of dif
ferent policy regimes later in this paper, the same approach is used. So, for 
example, when we consider the cost-effectiveness of treating all drug court eli
gibles, regardless of whether there is currently a treatment slot, we would apply 
the same weighting scheme as described above to estimate the distribution of 
those drug court eligibles across treatment modalities. 

3.4. COST AND BENEFIT ESTIMATES 

In the language of cost-benefit analysis, the eligibility estimates described in the 
preceding section are quantities. That is, first we estimate how many individuals 
would be found in each policy regime (e.g., where we could consider the cost
effectiveness of treating only those who are eligible for drug court, all who are 
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eligible for drug court regardless of treatment availability, all at-risk arrestees, 
or some other combination). Then, we estimate how many crimes would be 
averted if those policy regimes were implemented. The simulation results are 
described in the next section. Once we have estimated these quantities they 
must be multiplied by the price of each outcome to estimate the cost or benefit 
that results. That is, the cost of treating any given profile is the product of the 
price of the outcomes and the number of outcomes. 

Price therefore has two components. The first component is the value of the 
resources that must be added in order to implement that policy regime (this is 
commonly referred to as the cost, but in cost-benefit parlance the net cost refers 
to the product of prices and quantities). In our models, there are two prices 
associated with each policy regime (e.g., two kinds of resources consumed in 
administering each policy). There are the prices associated with each of the four 
treatment modalities and there are the prices associated with the criminal justice 
system’s oversight of treatment. We estimate the first set of prices from extant 
data for each of the four treatment modalities. We estimate the second set of 
prices from a survey of a small sample of drug courts undertaken as part of this 
study and the MADCE. It is worth noting that the drug court prices are just 
the price of criminal justice oversight. Treatment prices are not included in the 
estimate of the price of criminal justice oversight, they are estimated separately. 

Second, there are the prices associated with changes in the number of crimes. 
That is, if a policy regime results in fewer crimes, than the price is the savings 
to private citizens (from reductions in the number of victimizations) and to the 
criminal justice system (from reductions in the number of offenses investigated 
and the number of offenders processed through the system). If the policy leads 
to additional crimes, than the prices will reflect the loss to private citizens who 
experience more victimizations and to the criminal justice system which must 
investigate more crime and process more offenders. We label these prices as 
benefits, and note that depending on the outcome of the simulations, the benefits 
may be positive or negative. 
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In the section that follows, we first describe how the costs of the DATOS 
treatment modalities were estimated. This is followed by a discussion of the 
estimation of costs of drug court administration. Finally, we describe how the 
benefits of changes in the policy regimes from reductions (or increases) in the 
number of crimes were estimated. 

3.4.1. Treatment Price Estimates 

The cost of each new policy regime is divided into two categories: (1) the cost of 
providing four different drug treatment modalities (long-term residential treat
ment, short-term residential treatment, outpatient methadone treatment and 
outpatient drug-free treatment) and (2) the administrative cost of drug court as 
a conduit for delivery of these treatment services. Data on the cost of treatment 
modalities is drawn from DATCAP, a data collection instrument and interview 
guide designed in the early 1990s to assess treatment programs along a set of 
standard accounting and economic principles. Resource categories include per
sonnel, supplies and materials, contracted services, buildings and facilities and 
other miscellaneous items (Bradley French and Racal 1994; Roebuck French and 
McClellan 2003). Roebuck, French and McClellan gathered information on 53 
outpatient and 32 residential (inpatient) programs between 1993 and 2002, calcu
lating average costs for a number of adult treatment modalities including long-
and short-term residential treatment, outpatient methadone treatment and out
patient drug-free treatment. Table 3.4 details the average costs for each of these 
modalities. 

The cost of methadone treatment (over an average of 99 weeks) is $8,609. 
The cost of long-term residential treatment (20 weeks) is $16,448 and the cost of 
short-term residential treatment (3 weeks) is $3,287. All costs have been trans
lated into 2007 dollars, using the Consumer Price Index as a deflator. 
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Table 3.4: Costs associated with four treatment modalities 

Average length Economic Price per

of stay (weeks) treatment episode


Long-term Residential 20 $16,448 
Short-term Residential 3 $3,287 
Outpatient Methadone 99 $8,609 
Outpatient Drug-Free 17 $3,557 

Source: Roebuck, French and McClellan gathered information on 53 out
patient and 32 residential (inpatient) programs between 1993 and 2002. 

3.4.2. Drug Court Price Estimates 

To estimate the price of treatment delivery using a drug court as the delivery 
mechanism, we conducted phone interviews with fifteen drug court adminis
trators located in New York, Florida, South Carolina, Illinois and Washington 
State.1 In order to estimate personnel costs, drug court administrators were 
asked to provide fully-loaded salaries of personnel involved in drug court who 
were not directly involved in the provision of treatment. In addition, adminis
trators were asked to estimate the percentage of each staff member’s time that 
was allocated to drug court. The costs of monitoring offenders was estimated as 
the product of the number of drug tests administered per offender by the num
ber of offenders given the average length of enrollment in drug court. Finally, 
the costs of offender fines and sanctions were considered. These costs included 
fees and fines paid for by drug court clients as well as the cost of jail days assigned 
as a punishment for failure to comply with court rules. 

Table 3.5 lists the per-individual costs of drug court, excluding the cost of 
treatment. These costs include (1) personnel not directly involved in treatment, 
e.g. not including drug court clinical staff, (2) drug and alcohol testing and 
fees and (3) fines and jail terms during the course of drug court. The costs of 
treatment are not included in these estimates. Capital costs are also not included 

1This portion of the study was done in conjunction with the MADCE. The fifteen sites 
represent a sample of the 23 drug courts participating in that study (67%). 
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Table 3.5: Administrative costs for drug courts 

County Average Price


Osceola (FL) $2,313 
Volusia – Deland (FL) $9,826 
Volusia – Daytona (FL) $9,826 
Fulton (GA) $4,003 
York (SC) $3,160 
Auburn (NY) $5,516 
Wayne (NY) $8,390 
Kane (IL) $4,087 
Finger Lakes (NY) (misdemeanor) $3,528 
Finger Lakes (NY) (felony) $7,260 
Cook (IL) $5,071 
Syracuse (NY) $1,477 
Thurston (WA) $6,905 
King – Seattle (WA) $3,830 
King – Kent (WA) $3,830 

Weighted (by size) Average $4,060 

Source: Urban Institute survey of drug court administra
tors. 

in these estimates. After weighting to account for variation in drug court size, 
the average price of drug court is $4,060. 

Table 3.6 describes the price of four treatment modalities that will be used to 
simulate the costs of going to scale. These are just $4,060 (from table 3.5) added 
to the cost estimates provided in table 3.4. 

We note that it is possible that our price estimates may overestimate the true 
average price of treatment if drug courts were substantially expanded. Many of 
the costs of treating drug court clients are fixed and do not vary (or vary min
imally) with the size of the drug court. For example, a drug court is likely to 
have a single drug court coordinator and a single judge even if the population of 
the court increases substantially. In the presence of fixed costs, average costs will 
decline as the number of clients enrolled increases. Since increasing the scale of 
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Table 3.6: Price for four treatment 
modalities 

Modality Price


Long-term Residential $20,508 
Short-term Residential $7,347 
Outpatient Methadone $12,669 
Outpatient Drug-Free $7,617 

Source: Urban Institute analysis of 
Roebuck, French and McClellan and 
MADCE survey data. 

drug court entails increasing drug court enrollments, the cost of treating drug 
court clients is not expected to increase linearly. Instead, the cost per client is 
expected to diminish at the margins. Thus, the real price of drug court plus 
treatment may be lower if the average size of the drug court increases substan
tially. However, we cannot model this change in price since we cannot observe 
this in our data (even the largest drug courts in our sample are smaller than the 
average drug court would have to be if every drug involved arrestee were eligible 
for treatment). This results in a conservative bias if any. That is, if a change in 
policy regime yields a positive benefit to cost ratio it will have done so using 
what are likely to be the upper bound of expected prices. If prices were actually 
lower, the benefit to cost ratio would increase. 

3.4.3. Estimates of the Benefits from Crime Reduction 

The purpose of treating drug-involved arrestees is to reduce anti-social behav
iors, including crime. If this occurs, the burden on the public and governmental 
agencies from offending will be reduced. Thus, the critical benefits to consider 
in our models are those associated with reduced offending. There are two po
tential groups of beneficiaries of reduced offending: (1) potential victims (private 
citizens) whose welfare is enhanced as the number and severity of offending by 
drug involved offenders is reduced and (2) public agencies (and taxpayers) which 
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will consume fewer resources in the investigation and processing of offenders if 
there are fewer crimes committed as a result of treatment. 

Estimating the benefits to public agencies from reduced crime is relatively 
straightforward. First, we estimate the average unit costs to two public agencies— 
police agencies and departments of correction—of investigating, arresting, and 
incarcerating offenders. Data on the cost of arrest were drawn from estimates 
in Roman, Woodard, Harrell and Riggs (1998). Data on the cost of supervision 
come from a variety of sources. Data on the probability of conviction given 
arrest and the probability of being assigned prison, jail or probation given a con
viction comes from DuRose and Langan (2004). Data on the cost of state prison 
comes from the Bureau of Justice Statistics (Stephan 2001). Data on the daily 
cost of jail is derived from estimates in Roman and Chalfin (2006). 

We repeat the same process for the estimation of benefits to private citizens. 
Benefits to private citizens occur when the number and/or severity of crimes are 
reduced. To estimate these benefits, we first estimate the unit price of a victim
ization. The unit price of a victimization has two components: tangible and in
tangible costs. Tangible costs of crime include direct costs of victimization such 
as medical bills, rehabilitation costs, and lost wages from being unable to work 
and are estimated from data on victim injuries. Intangible costs include psycho
logical harm associated with victimization, including fear, pain, and suffering 
and are estimated using the sizes of jury awards made by civil juries. We use ex
tant estimates of the costs of victimization to estimate the benefits of drug treat
ment delivered via drug court. The cost of harms to victims for aggravated as
sault, other assaults, robbery, burglary, larceny/theft, stolen property offenses, 
fraud and drug offenses are drawn from five sources extant economics of crime 
literature: Cohen (1988), Cohen, Miller and Rossman (1993), Miller, Cohen and 
Wiersma (1996), Rajkumar and French (1997) and McCollister (2007). In order 
to reduce the degree to which final results are sensitive to changes in the choice of 
monetized harms, for each offense category, an average of extant estimates was 
taken. These estimates are reflected in the column entitled ‘Cost to Victims’ in 



41 Estimation Strategy 

Table 3.7: Cost of offending, pre-sentence 

Cost to Cost of Pre-sentence Cost


Victim Arrest Detainment Adjudication


Aggravated Assault $47,009 $2,603 $1,080 $5,502 
Robbery $30,253 $2,563 $1,080 $5,502 
Burglary $2,643 $2,563 $1,080 $5,502 
Larceny/Theft $819 $675 $1,080 $2,751 
Stolen Property $819 $675 $1,080 $2,751 
Drug Offenses $31 $675 $1,080 $5,502 

Source: The costs of crime to victim, both tangible and intangible are estimated 
as the average of estimated prices from Cohen (1988), Cohen, Miller and Rossman 
(1993), Miller Cohen and Wiersma (1996), Rajkumar and French (1997). Estimates 
of the cost of arrest are from Roman, Woodard, Harrell and Riggs (1998). For 
offenses not reported, we assume an arrest cost of $675. Data on the length of 
pre-sentence detainment come from Roman, Woodard, Harrell and Riggs (1998). 
These data are not available by offense. Roman, Woodard, Harrell and Riggs (1998) 
report a per minute trial cost of $3.50. We assume a mean adjudication length of 
40 hours for murder and rape; 10 hours for larceny and stolen property offenses 
and 20 hours for all other offenses. Data on the daily cost of jail are from Roman 
and Chalfin (2006). 

table 3.7. The expected costs of supervision have been expressed in net present 
value, discounted at a rate of 5% per annum. 

Next, we estimate the cost of incapacitating convicted offenders. First, we 
calculate the likely disposition for a convicted offender (table 3.8), since the costs 
of probation, jail and prison vary, following Durose and Langan (2004). 

We then calculate the expected time served for each sentence type (table 3.9). 
These expected sentence lengths are then multiplied by the average expected 
percentage of the sentence to be served to yield the expected length of stay, by 
sentence type, by crime (not shown). 

The data in tables 3.7, 3.8 and 3.9 can then be combined in table 3.10, to show 
the total expected cost of crimes to both victims and public agencies. Costs at 
each stage of processing are multiplied by the probability that the stage had a 
positive outcome (e.g., the costs of arrest are only counted for those cases where 
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Table 3.8: Probability that an offender is sen
tenced to probation, jail, or prison 

Prison Jail Probation


Aggravated Assault 42% 29% 29% 
Robbery 71% 15% 14% 
Burglary 46% 26% 28% 
Larceny/Theft 36% 31% 33% 
Stolen Property 36% 31% 33% 
Drug Offenses 38% 27% 35% 

Source: Data on the probability of each type of sentence 
is developed from Durose and Langan (2004). 

Table 3.9: Estimated number of months an offender is sentenced to proba
tion, jail or prison, and total sentencing costs 

Probation Jail Prison % Sentence Cost of 
(mos) (mos) (mos) Served Sentence 

Aggravated Assault 54 7 39 66% $22,736 
Robbery 91 11 52 58% $43,932 
Burglary 50 7 40 49% $20,378 
Larceny/Theft 34 6 36 52% $13,062 
Stolen Property 34 6 36 52% $13,062 
Drug Offenses 45 6 36 43% $11,609 

Source: Data on the cost of incarceration in state prisons comes from Stephan (2001). 
Data on the daily cost of jail comes from Roman and Chalfin (2006). 
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an arrest was made). 
The first column of table 3.10 is the cost to victims of a crime, which is the 

same data as shown in table 3.7, and is the total cost to private citizens from a sin
gle criminal incident of each type. The other columns in table 3.10 describe the 
costs to the criminal justice system from each crime. Unlike private costs, pub
lic costs vary by the likelihood that the average case proceeds to each subsequent 
stage of processing. The total costs to the criminal justice system then are the 
sum of the conditional probability of an event (multiplied by the price of each 
event). That is, the criminal justice costs only occur if an event occurs; for in
stance, if a crime is not reported, than there are no criminal justice system costs. 
So, for instance, the total cost to the criminal justice system of a sexual assault 
is $4,464 multiplied by the probability that a crime is reported (43%) multiplied 
by the probability that an arrest is made, for a total of $845. The same process 
is applied to expected cost of sentencing, so the average cost of sentencing per 
committed crime is 67,038 ∗ 0.43 ∗ 0.44, or $12,864. 

Generally speaking, as the seriousness of the crime decreases, the proportion 
of the social costs that fall on public agencies (as opposed to victims) decreases. 
For example, while costs to victims comprise 87% of the cost of an aggravated 
assault, they comprise just 38% of the cost of a theft. Thus, given that the ef
fect sizes associated with the various treatment modalities are positive, potential 
victims are expected to reap the greatest benefits of expanding drug treatment to 
offenders whose offending is primarily violent. Public agencies are expected to 
see the most savings if drug treatment is expanded to offenders whose offending 
is comprised primarily of drug and property offenses. Next, we use data from 
the impact analysis to estimate the number of arrests and convictions that were 
prevented by drug treatment via drug court. 

3.5. KEY ASSUMPTIONS AND CAVEATS 

There are several assumptions concerning the data and the model that should 
be noted. First, the treatment effects we have computed from the DATOS 
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data are based on underlying data that was reported regarding arrests (not of
fenses). Not every crime is reported and not every reported crime is cleared. 
Therefore, prior to our analysis, we computed a scaling factor that converts the 
number of arrests into the number of offenses. This scaling was based on avail
able information on crime reporting rates and clearance rates. We obtained data 
for the clearance rates from the 2003 Sourcebook of Criminal Justice Statistics 
(http://www.albany.edu/sourcebook/) by gender and race groups. We obtained 
the reporting rate from Hart and Rennison (2003). Details on the conversion 
factors are available from the author upon request. 

Second, the prevalence estimates we report are for potential clients that would 
accept treatment if offered. In our experience with substance abuse diversion 
and alternative to incarceration programs suggests that only those who are likely 
to be found guilty are likely to enroll (since a plea is generally required for ad
mittance). Thus, we need some way to identify potentially guilty clients. Every 
year a proportion of arrests will be declined for prosecution and every year a 
proportion of defendants will not be convicted. Hence, we created a scaling fac
tor that converts the total number of arrestees for a particular profile into the 
total number of arrestees who are probably guilty. To do so, we used data on 
conviction rates and declination rates. These data were obtained and used at the 
offense type level. Conviction rates were obtained from the 2003 Sourcebook 
of Criminal Justice Statistics (http://www.albany.edu/sourcebook/) and decli
nation rates were obtained from Chapter 2 of the 2003 Compendium of Fed
eral Justice Statistics (http://www.ojp.gov/bjs/abstract/cfjs03.htm). Details on 
these data are also available from the authors upon request. 

Third, in both DATOS and the NSDUH, several of the questions needed 
to compute a drug dependence or abuse score were either not available or were 
worded slightly differently. For example, the question relating to whether or not 
respondents had used drugs (or alcohol) to alleviate feelings of sadness, anger, or 
boredom was not available. In our analysis, we have identified the closest proxy 
for the variables used in ADAM. Despite the slightly different definitions, we 

(http://www.albany.edu/sourcebook/)bygender
(http://www.albany.edu/sourcebook/)anddecli-
(http://www.ojp.gov/bjs/abstract/cfjs03.htm)
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confirmed that our definitions did not create large imbalances in the data sets. 
For example, across all data sets used, we found that, of respondents at risk of 
drug dependence or abuse, the number at risk of dependence were about three 
times as large as the proportion of respondents at risk of abusing drugs. 

Fourth, once interpolated onto the synthetic data, we combine and trans
form our estimates in various ways. This necessitates the combination of their 
variances as well. Combining the variances of two or more random variables is 
straight forward if we can make the assumption that they are independent. In 
our analysis, since the estimated variances are conditional on profile attributes, 
we need only make the less restrictive assumption of conditional independence. 
In other words, we assume that for all individuals of a particular profile, the 
variation in, say, the prevalence of drug dependence is unrelated to variation in, 
say, the expected treatment benefits. We recognize that this is a limiting assump
tion and that some of our variance estimates may be biased (either too small or 
too large). Unfortunately, combining variance estimates across several thousand 
profiles would be extremely complicated if we were to permit there to be co
variances. Fortunately, the point estimates of all quantities should be unaffected 
by this assumption. 

Fifth, the results are very sensitive to the selection of a price of crime to vic
tims. We modeled the data using Cohen et al. (1993) and Rajkumar and French 
(1997) and found an overall benefit to cost ratio of 2.73:1 for the current drug 
court regime. We re-ran the models using a blended estimate of the five most 
cited estimates of the costs of crimes to victims and this results in a much smaller 
estimate of the benefits of the current drug court regime of 2.14:1. Although 
none of results changed, we note that the estimates are sensitive to price. 

Finally, we note that there are three kinds of transformations we perform 
on estimated quantities in the synthetic data that necessitate computing new 
variances. These include scaling, summing and taking products. A description 
of our approach can be found in the mathematical appendix. 



Chapter 4 

Findings 

In this section, we discuss our findings. We begin with a discussion of the es
timated prevalence of drug abuse and drug dependence, which constitute the 
population of potential treatment clients, and then present findings regarding 
the number of crimes avertable by going to scale. 

4.1. PREVALENCE 

Table 4.1 presents our estimates of the number of individuals arrested annually 
who are either at risk of drug dependence or of abusing drugs. We estimate that 
roughly 1.15 million potential clients are at risk of drug dependence and roughly 
322,000 are at risk of abusing drugs. Together this constitutes about 1.47 million 
arrestees who are probably guilty and at risk of drug dependence or abuse. The 
distribution of client attributes varies by the severity of drug problems. For 
instance, 23% of those at risk of dependence are female, compared to 18.5% of 
those at risk of abuse. The biggest difference between those at risk of abuse and 
dependence concerns prior treatment. Slightly less than 40% of those at risk 
of dependence have a prior treatment episode, compared to slightly more than 
60% of those at risk of abuse. The other notable difference is that 44% of those 
at risk of dependence also have problems with alcohol, compared with only 
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37% of those at risk of abuse. Since these latter two differences are currently 
used to determine eligibility for criminal justice system-based treatment, those 
differences will have important implications for the effectiveness of different 
eligibility regimes. This is discussed in greater detail in the following section. 

Our estimates are based on a population of potential clients for criminal 
justice system-based treatment, and includes only those who are at risk of de
pendence or abuse, and likely to be found guilty. We are not attempting to 
estimate the prevalence of drug use among arrestees. Thus, we expect our esti
mates of the number of potential clients (those at risk of drug abuse and drug 
dependence) to be less than the total number of drug users in the arrestee pop
ulation for two reasons. First, there are some arrestees who use drugs, and/or 
are under the influence at the time of their arrest, but who are not at risk of 
dependence or abuse. Second, not every arrestee is probably guilty, and there
fore eligible for treatment under court supervision. Brecht et al. (2003) report 
findings from a study testing similar hypotheses, but focuses on drug use among 
arrestees, rather than just those at risk of abuse and dependence, and who are 
probably guilty. Brecht et al. finds that nationwide nearly 6.4 million arrestees 
are drug users. Moreover, they find that, among arrestees nationwide, the num
ber of male drug users is nearly three times the number of female drug users. 
In our analysis, the number of potential clients are lower but we find a similar 
break down by gender (at least among clients at risk of drug dependence). In a 
similar way, they also find that the prevalence of drug use remains fairly stable 
among arrestee of all ages. Our analysis mirrors this finding, albeit on a smaller 
scale. 

4.2. CRIMES AVERTABLE BY TREATMENT 

Next, we estimate the reductions in recidivism rates to be expected by treating 
potential clients under various modalities. We find that treatment in each of the 
domains substantially reduces recidivism. For those at risk of drug dependence, 
long-term residential reduces recidivism by 34%, short-term inpatient by 19%, 
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Table 4.1: The estimated prevalence of potential clients nationwide. 

Clients at risk of dependence Clients at risk of abuse 
Low Mean High Low Mean High 

All 1,145,034 1,149,019 1,153,004 320,090 322,320 324,550 
Gender 

Male 878,933 882,668 886,403 260,674 262,833 264,992 
Female 264,961 266,350 267,740 58,928 59,487 60,046 

Race 
Black 417,079 419,299 421,518 120,907 122,109 123,311 
White 388,685 390,764 392,842 89,852 90,760 91,667 
Other 336,381 338,956 341,532 107,807 109,451 111,096 

Current Offense 
Violent 191,877 193,387 194,898 74,962 75,909 76,856 
Property 313,127 315,231 317,334 64,899 66,102 67,305 
Drug 387,348 389,714 392,079 97,667 98,824 99,981 
Other 248,795 250,687 252,579 80,348 81,485 82,622 

Any Violent History 
Violent History 616,959 620,136 623,313 169,804 171,526 173,248 
No Violent History 526,477 528,883 531,289 149,376 150,794 152,212 

Any Treatment History 
Treatment History 692,490 695,608 698,727 125,848 127,407 128,966 
No Treatment History 450,930 453,411 455,891 193,318 194,913 196,508 

Any Alcohol Problems 
Alcohol Problem 638,779 641,810 644,841 200,606 202,405 204,205 
No Alcohol Problem 504,622 507,209 509,796 118,597 119,915 121,232 

Geographic Location 
Rural 381,142 383,590 386,039 100,192 101,633 103,073 
Urban 383,593 385,815 388,037 74,171 75,076 75,982 
Suburban 377,390 379,613 381,837 144,169 145,611 147,053 

Current Age 
Age: 20 170,093 171,410 172,726 48,167 48,858 49,548 
Age: 25 177,994 179,336 180,679 47,670 48,335 49,000 
Age: 30 177,591 178,985 180,379 48,472 49,152 49,832 
Age: 35 170,339 171,767 173,196 46,648 47,334 48,020 
Age: 40 157,345 158,962 160,579 43,025 43,896 44,767 
Age: 45 146,106 147,829 149,552 42,460 43,566 44,673 
Age: 50 139,063 140,730 142,397 40,112 41,179 42,246 

Criminal History 
Criminal History: 0 166,745 168,176 169,607 59,946 60,804 61,662 
Criminal History: 2 178,123 179,582 181,040 62,602 63,456 64,310 
Criminal History: 5 198,376 199,861 201,347 66,821 67,679 68,536 
Criminal History: 10 241,259 242,791 244,323 71,517 72,390 73,263 
Criminal History: 20 355,934 358,609 361,283 56,572 57,991 59,409 

Source: Urban Institute analysis. 
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outpatient methadone by 20%, and outpatient drug free by 30%. Note that the 
reductions are no uniform by crime type, and in particular the most serious have 
the highest rates of recidivism. For in stance, only long-term residential reduces 
recidivism for aggravated assault and robbery, and outpatient drug free actually 
increases the number of aggravated assaults. For less serious crimes with higher 
prevalence rates, the reduction in recidivism is generally large. 

For those at risk of drug abuse, recidivism reductions are large, but the 27% 
reduction in recidivism is not quite as great as the reduction in recidivism for 
those at risk of drug dependence. The effectiveness of different modalities is 
slightly different as well. Outpatient drug free is the most effective modality, 
reducing recidivism by 33%. Long-term inpatient reduces recidivism by 27%, 
short-term inpatient by 20% and outpatient methadone by 16%. The pattern 
of offending reduction is generally similar for those at-risk of drug abuse as it 
is for those at risk of dependence. One minor difference is that the recidivism 
reductions for the most serious offenses is positive for all modalities, although 
the recidivism reductions are very small, generally 1% or 2%. 

The findings here generally corroborate what has been found elsewhere in 
the literature. For example, Holloway, Bennett and Farrington’s (2006) meta
analysis results found that drug treatment may reduce offending by 29-36%. 

More interesting, however, are findings regarding the total number of crimes 
avertable by treating potential clients. Table 4.2 and table 4.3 provide these esti
mates. 

A cautionary note on reading these tables. The modalities are conditioning 
variables. Hence, the first three columns in table 4.2, for example, produces 
the estimates (and upper and lower confidence bounds) of the expected crimes 
avertable if every potential client at risk of drug dependence was treated un
der Modality 1 (long term residential) or under Modality 2 (short term inpa
tient). As such the number cannot be summed or aggregated across modalities. 
Moreover, the number of all non-drug crimes avertable is not an aggregation of 
all sub-crime types. Respondents were asked to identify the number of times 
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they were arrested for any crime and then subsequently the number of times 
they were arrested for particular crime types. The estimates can, however, be 
summed across risk criteria. For example, the total number of all non-drug 
crimes avertable by treating offenders at risk of drug dependence or abuse under 
modality 1 (long term residential treatment) is a little over 9.9 million (7,048,988 
+ 2,860,013). Similarly, we expect that roughly 1.27 billion drug related crimes 
could be averted by treating all offenders at risk of drug dependence or abuse 
using long term residential treatment. 

Benefits can be expected vary, of course, by treatment modality. For exam
ple, long term residential treatment is the most effective treatment modality— 
would avert the most crimes if everyone at risk of dependence or abuse was 
treated under it. However, the modality effectiveness rankings are crime type-
specific. Notably, the lowest number of drug crimes are averted if all potential 
clients are treated under modality 4 (outpatient drug free). On the other hand, 
outpatient drug free is an effective modality for averting non-drug crimes. In 
fact, if all offenders at risk of drug dependence were treated under this modality, 
roughly 6.7 million non-drug crimes would be averted. Only 3.7 million and 3.3 
million non-drug crimes would be averted if these same individuals were treated 
under short term inpatient and outpatient methadone modalities respectively. 

There are also several crime types for which the evidence is insufficient to 
conclude any crime reductions. For example, among offenders at risk of depen
dence, it is unclear if short term inpatient treatment will reduce any frauds or 
whether outpatient methadone will reduce any aggravated assaults. Similarly, 
among offenders at risk of abusing drugs, it is unclear if short term inpatient 
treatment or outpatient drug free can avert any robberies. 

4.3.	 COST-EFFECTIVENESS OF TREATING CURRENTLY ELIGIBLE 
DRUG COURT PARTICIPANTS 

The crimes avertable by treating individuals will vary depending on the sub
group that is selected for treatment. Additionally, not all individuals can or will 
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be treated under the same treatment modality. The associated costs and benefits 
of treating those individuals will also vary. Therefore, to study the effectiveness 
of treating drug involved offender, we run six simulations models. In these sim
ulations, we begin with the full sample in table 4.1, and then put restrictions 
on the sample to reflect the current policy regime. The first two describe the 
currently eligible population for drug courts, and are discussed below. The next 
four describe the effects of relaxing existing eligibility criteria, and these are dis
cussed in the next section. 

Table 4.4 describes the first simulation which describes the effectiveness of 
the currently eligible drug court population. That is, although there are almost 
1.5 million individuals arrested each year who are at risk of drug abuse and de
pendence, and who are likely to be found guilty, only a fraction of those arrestees 
are currently being treated. Thus, we begin our simulations by estimating the 
size of the population that is currently being treated by the criminal justice sys
tem. Since there are no national data to identify who is currently being treated, 
we begin by identifying adult drug courts as the mechanism in the criminal jus
tice system that is most likely to deliver the long-term intensive treatment for 
which effect sizes are available from the DATOS study. We believe adult drug 
courts are a reasonable population to study, since any large scale expansion of 
treatment in the criminal justice system will require a significant infrastructure 
to manage, and the adult drug court management model is the most reasonable 
candidate. 

Thus, we begin in table 4.4 by estimating the size of the population that 
is currently treated in adult drug courts. We find that there are about 55,000 
individuals treated annually, about 32,000 of which are at risk of dependence, 
and 23,500 are at risk of drug abuse. Our estimates suggests that by far the most 
common treatment modality is out-patient drug free, which is consistent with 
the drug court literature. In total, we estimate that about $515 million dollars is 
spent annually to treat those drug court clients. 

We find that there is a substantial reduction in criminal offending that results 
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from drug court treatment. Notably, 34.4 million drug crimes are prevented an
nually. We count as a drug crime each drug transaction (so a drug deal would 
count as two crimes, one for the buyer and one for the seller). This reduction in 
drug offending leads to more than one billion dollars in savings. Notably, since 
the likelihood of arrest is trivial, this reduction in offending leads to little savings 
to the criminal justice system, but produces large benefits to private citizens. Re
ductions in other property crimes leads to significant savings, with almost $200 
million in savings from reductions in fraud, burglary and larceny. However, 
drug court treatment does not reduce crimes in all categories. Notably, there 
are more than 400 additional robberies and 2,200 additional assaults, that would 
not have occurred in the absence of drug court. Increases in the crimes result in 
about $200 million dollars in negative benefits. 

Overall, we estimate that the current adult drug court treatment regime pro
duces about $2.21 in benefit for every $1 in costs, for a net benefit to society of 
about $624 million. Interestingly, the benefit-cost ratio is higher for those at risk 
of abuse (2.71) as compared to those at risk of dependence (1.84), even though 
the abuse group is less prevalent in the drug court population. Much of this is 
due to much greater reductions in drug crimes and larceny. 

Our benefit-cost ratio is similar to other published estimates. For instance, 
Aos et al. (2005), using a meta analytic design, estimates $2.83 in benefit for every 
dollar in new cost. It turns out that the benefit-cost ratio is sensitive to which 
estimates of the price of victimization are used in the benefits calculations. If 
we rely on data from Miller et al. (1993) and Rajkumar and French (1997), our 
estimate of the benefit-cost ratio is 2.76, which is very close to the Aos et. al, 
estimate. Our decision to use the average of published costs to victims yields a 
lower—and therefore more conservative estimate. 

Next, we simulate the effects of expanding the number of treatment slots for 
eligible drug court clients so that all currently eligible drug court clients can be 
treated. Recall that we found that there were more than twice as many arrestees 
eligible for drug court (109,922) than there are currently available drug court 
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58 To Treat or Not to Treat 

treatment slots (55,365). In table 4.5, we simulate the effects of treating all who 
meet current eligibility standards (regardless of whether a treatment slot in drug 
court is available) in the four treatment modalities studied by DATOS. We find 
that the costs of treating these additional clients about doubles, to slightly more 
than $1 billion. We find that the expansion of drug treatment to this larger 
population remains cost-effective, although the benefit-cost ratio is fractionally 
reduced to 2.14 from 2.21. In total, this expansion of treatment yields a benefit 
to society of more than $1.17 billion dollars. 

4.4.	 SIMULATED COST-EFFECTIVENESS OF EXPANDING CRIMI
NAL JUSTICE SYSTEM–BASED TREATMENT 

In the next five simulations, we incrementally relax existing drug court eligibil
ity requirements to model the cost-effectiveness of expanding criminal justice 
system-based treatment to individuals who are currently excluded from drug 
courts. 

4.4.1. Simulation 1: Adding Individuals with Other Pending Charges 

Beginning with the same group described in table 4.5 (everyone eligible for 
drug court regardless of whether there would be a treatment slot in the cur
rent regime), we first relax the assumption about current charges that currently 
restrict drug court eligibility. From table 3.1, about half of drug courts restrict 
eligibility to those arrestees who do not have a current charge pending in court. 
In table 4.6, we relax this restriction, and allow drug courts to enroll into treat
ment any arrestee, regardless of whether they have some other pending charge. 

This change in eligibility has little impact on the number of individuals en
tering drug court. Because the presence of any ineligible characteristic causes 
an arrestee to be excluded from drug court, few additional arrestees become 
eligible. We suspect that exclusions for active criminal justice cases is highly cor
related with other grounds for exclusion, such as a past violence history. We 
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60 To Treat or Not to Treat 

find that the number of arrestees enrolled in drug court would increase by only 
a little more than 19,000, to a total of 129,173 arrestees if this exclusion criteria 
was removed. 

However, we find that allowing these arrestees to participate in treatment 
significantly enhances the cost-effectiveness of drug courts. Treating these addi
tional clients increases the total cost of drug court and treatment to a little more 
than $1.2 billion. The benefits increase from about $2.196 billion to $2.854 
billion, and the benefit-cost ratio increases from 2.14:1 to 2.37:1. Since there are 
only 19,000 new eligibles, these changes in overall mean disguise the effectiveness 
of treating this group. We estimate that the group of arrestees who are currently 
ineligible because of a pending court case are a particularly cost-effective pop
ulation to serve, with a benefit-cost ratio of 3.67:1. While both groups of new 
eligibles (those at risk of drug dependence and those at risk of drug abuse) have 
high benefit-cost ratios, the benefit-cost ratio for the 10,000 individuals who 
are at-risk of drug dependence and previously had been excluded for a pending 
charge is the highest for any sub-group in any of the simulations (4.13:1). 

4.4.2. Simulation 2: Adding Individuals with Prior Violence 

In table 4.7, we return again to the population in table 4.5 (all eligible arrestees) 
and relax the eligible exclusion for those with past violence. That is, we are 
now studying the population that would be eligible for drug court if there were 
enough slots, and allowing those with past violence to be eligible (we are once 
again not allowing those with a current charge to be eligible). Since 88% of drug 
courts exclude those with past violence, removing this exclusion leads to the 
size of eligibles more than doubling, from 109,922 to 213,460 (but we note that 
many who are excluded because of past violence are excluded on other grounds 
as well). Total costs of treating this group are almost $2 billion. Benefits increase 
substantially as well, to almost $4.3 billion. The overall benefit to cost ratio is 
2.15, almost identical to the 2.14:1 ratio for the eligible group with the violence 
restriction. 
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62 To Treat or Not to Treat 

However, this similarity masks a critical difference among those with past 
violence. For those at risk of abuse, removing the past violence exclusion in
creases the eligible population from 47,235 to 92,232. Adding this population is 
very cost-effective. Overall, the benefit to cost ratio for the newly eligible group 
of at-risk with past violence (3.14) is higher than the at-risk group in general 
(2.85). 

Conversely, relaxing the exclusion for prior violence for the population at 
risk of drug dependence is much less cost-effective. For those at risk of drug 
dependence, removing the past violence exclusion increases the eligible popu
lation from 62,686 to 121,229. Overall, the benefit to cost ratio declines from 
1.82:1 to 1.61:1. Focusing only on those who become newly eligible reveals that 
the benefit is much smaller than it appears in the overall means. New costs of 
treating this added group are about $545 million, and benefits are $757 million, 
for a benefit-cost ratio of 1.38:1. Put another way, even though the newly eli
gible population of those at risk of drug dependence is about 30% larger than 
the newly eligible population of those at risk of drug abuse, the total benefits 
are about 40% smaller. Adding those at risk of drug abuse with past violence 
is significantly more cost-effective than adding those at risk of drug dependence 
with past violence. 

4.4.3. Simulation 3: Adding Individuals with Prior Failed Treatment 

Next, we return to the eligible population in table 4.5, and simulate the effect of 
dropping the exclusion on past treatment. Many drug courts exclude individuals 
who have a history of failed treatment, have failed drug court in the past, or 
have participated in drug court in the past. In table 4.8, we estimate the effect 
of allowing the arrestee group to enter into treatment, regardless of whether 
they had failed treatment (or drug court) in the past. By dropping the past 
treatment exclusion, about 38,000 additional arrestees become eligible for drug 
court managed treatment. There is little change in the cost-effectiveness of drug 
court as a result, which suggests it is cost-effective to treat this group. The benefit 



Ta
bl

e 
4.

8:
 C

os
t 

be
ne

fit
 a

na
ly

si
s 

of
 t

re
at

in
g 

al
l e

lig
ib

le
 d

ru
g 

co
ur

t 
cl

ie
nt

s 
w

ith
ou

t 
re

ga
rd

 t
o 

pa
st

 t
re

at
m

en
t

(r
et

ai
ni

ng
ot

he
r 

el
ig

ib
ili

ty
 r

es
tr

ic
tio

ns
).

C
lie

nt
s a

t r
is

k 
of

 d
ep

en
de

nc
e 

C
lie

nt
s a

t r
is

k 
of

 a
bu

se
 

O
ve

ra
ll 

Lo
w

 
M

ea
n 

H
ig

h 
Lo

w
 

M
ea

n 
H

ig
h 

Lo
w

 
M

ea
n 

H
ig

h 

N
um

be
r 

of
 cl

ie
nt

s t
re

at
ed

 u
nd

er
 d

iff
er

en
t m

od
al

iti
es

LT
R

es
id

en
tia

l 
5,

73
1 

5,
75

8 
5,

78
5 

3,
70

5 
3,

73
9 

3,
77

3 
9,

43
6 

9,
49

7 
9,

55
8 

ST
In

pa
tie

nt
 

10
,9

79
 

11
,0

31
 

11
,0

82
 

7,
09

8 
7,

16
3 

7,
22

7 
18

,0
77

 
18

,1
94

 
18

,3
10

 
O

P
M

et
ha

do
ne

 
15

,9
44

 
16

,0
19

 
16

,0
94

 
10

,3
08

 
10

,4
02

 
10

,4
96

 
26

,2
53

 
26

,4
21

 
26

,5
90

 
O

P
D

ru
gF

re
e 

56
,5

30
 

56
,7

95
 

57
,0

60
 

36
,5

47
 

36
,8

80
 

37
,2

12
 

93
,0

77
 

93
,6

74
 

94
,2

72
 

To
ta

l (
cl

ie
nt

s)
 

89
,1

84
 

89
,6

03
 

90
,0

21
 

57
,6

59
 

58
,1

84
 

58
,7

08
 

14
6,

84
4 

14
7,

78
6 

14
8,

72
9 

To
ta

l c
os

ts 
un

de
r 

di
ffe

re
nt

 m
od

al
iti

es
LT

R
es

id
en

tia
l 

11
7,

53
4,

29
8 

11
8,

08
5,

46
2 

11
8,

63
6,

62
7 

75
,9

87
,9

63
 

76
,6

79
,0

46
 

77
,3

70
,1

30
 

19
3,

52
2,

26
1 

19
4,

76
4,

50
9 

19
6,

00
6,

75
6

ST
In

pa
tie

nt
 

80
,6

64
,2

73
 

81
,0

42
,5

40
 

81
,4

20
,8

06
 

52
,1

50
,8

52
 

52
,6

25
,1

46
 

53
,0

99
,4

39
 

13
2,

81
5,

12
5 

13
3,

66
7,

68
5 

13
4,

52
0,

24
5

O
P

M
et

ha
do

ne
20

1,
99

8,
76

0 
20

2,
94

6,
01

1 
20

3,
89

3,
26

2 
13

0,
59

5,
70

2 
13

1,
78

3,
42

4 
13

2,
97

1,
14

5 
33

2,
59

4,
46

2 
33

4,
72

9,
43

5 
33

6,
86

4,
40

7
O

P
D

ru
gF

re
e 

43
0,

58
6,

19
4 

43
2,

60
5,

38
1 

43
4,

62
4,

56
7 

27
8,

38
1,

44
4 

28
0,

91
3,

22
4 

28
3,

44
5,

00
5 

70
8,

96
7,

63
9 

71
3,

51
8,

60
5 

71
8,

06
9,

57
2

To
ta

l (
co

st
s)

 
83

0,
78

3,
52

6 
83

4,
67

9,
39

3 
83

8,
57

5,
26

1 
53

7,
11

5,
96

2 
54

2,
00

0,
84

0 
54

6,
88

5,
71

9 
1,

36
7,

89
9,

48
8 

1,
37

6,
68

0,
23

3 
1,

38
5,

46
0,

97
9 

To
ta

lT
re

at
m

en
tB

en
efi

ts
(N

um
be

r
of

C
ri

m
es

A
ve

rt
ed

)
A

ll
N

on
-D

ru
g 

29
0,

74
1 

29
5,

44
9 

30
0,

15
7 

16
9,

98
5 

17
5,

28
7 

18
0,

58
9 

46
0,

72
6 

47
0,

73
6 

48
0,

74
6 

D
ru

g 
41

,3
82

,9
84

 
42

,5
38

,5
23

 
43

,6
94

,0
61

 
45

,1
41

,2
66

 
46

,2
67

,4
43

 
47

,3
93

,6
20

 
86

,5
24

,2
50

 
88

,8
05

,9
66

 
91

,0
87

,6
81

 
Fr

au
d 

37
,9

23
 

39
,5

84
 

41
,2

46
 

19
,8

83
 

21
,2

16
 

22
,5

49
 

57
,8

06
 

60
,8

01
 

63
,7

96
 

Bu
rg

la
ry

 
19

,1
31

 
20

,6
46

 
22

,1
61

 
20

,8
37

 
22

,3
51

 
23

,8
64

 
39

,9
68

 
42

,9
96

 
46

,0
25

 
La

rc
en

y 
78

,6
80

 
80

,7
47

 
82

,8
14

 
15

,2
59

 
16

,7
66

 
18

,2
74

 
93

,9
39

 
97

,5
13

 
10

1,
08

8 
R

ob
be

ry
 

-5
95

 
-4

52
 

-3
08

 
-1

,3
28

 
-1

,1
77

 
-1

,0
27

 
-1

,9
22

 
-1

,6
29

 
-1

,3
35

 
A

gg
. A

ss
au

lts
 

-3
,3

35
 

-3
,1

26
 

-2
,9

17
 

-3
,5

44
 

-3
,2

94
 

-3
,0

43
 

-6
,8

79
 

-6
,4

20
 

-5
,9

60
 

O
th

. A
ss

au
lts

 
46

0 
85

1 
1,

24
2 

-9
68

 
-6

77
 

-3
87

 
-5

08
 

17
4 

85
5 

To
ta

lT
re

at
m

en
tB

en
efi

ts
($

A
ve

rt
ed

-o
nl

y
do

lla
ri

za
bl

ec
ri

m
ec

at
eg

or
ie

s)
D

ru
g 

1,
36

5,
63

8,
47

2 
1,

40
3,

77
1,

24
8 

1,
44

1,
90

4,
02

4 
1,

48
9,

66
1,

78
5 

1,
52

6,
82

5,
62

1 
1,

56
3,

98
9,

45
7 

2,
85

5,
30

0,
25

7 
2,

93
0,

59
6,

86
9 

3,
00

5,
89

3,
48

0
Fr

au
d 

86
,4

63
,7

33
 

90
,2

52
,4

78
 

94
,0

41
,2

68
 

45
,3

34
,0

84
 

48
,3

73
,3

69
 

51
,4

12
,7

00
 

13
1,

79
7,

81
7 

13
8,

62
5,

84
7 

14
5,

45
3,

96
8

Bu
rg

la
ry

 
80

,9
81

,2
69

 
87

,3
94

,0
52

 
93

,8
06

,7
93

 
88

,2
01

,4
12

 
94

,6
09

,6
67

 
10

1,
01

7,
92

1 
16

9,
18

2,
68

1 
18

2,
00

3,
71

9 
19

4,
82

4,
71

4
La

rc
en

y 
16

4,
83

4,
53

7 
16

9,
16

5,
17

5 
17

3,
49

5,
79

1 
31

,9
67

,3
54

 
35

,1
25

,3
57

 
38

,2
83

,3
39

 
19

6,
80

1,
89

1 
20

4,
29

0,
53

1 
21

1,
77

9,
13

0
R

ob
be

ry
 

-2
1,

45
0,

61
4 

-1
6,

28
4,

52
0 

-1
1,

11
9,

14
8 

-4
7,

88
2,

30
4 

-4
2,

46
0,

86
2 

-3
7,

04
0,

14
3 

-6
9,

33
2,

91
8 

-5
8,

74
5,

38
3 

-4
8,

15
9,

29
0 

A
gg

. A
ss

au
lts

 
-2

70
,5

57
,6

42
 

-2
53

,5
83

,0
98

 
-2

36
,6

09
,3

66
 

-2
87

,4
45

,3
90

 
-2

67
,1

62
,0

84
 

-2
46

,8
78

,7
78

 
-5

58
,0

03
,0

32
 

-5
20

,7
45

,1
83

 
-4

83
,4

88
,1

44
O

th
. A

ss
au

lts
 

20
,0

08
,2

85
 

37
,0

14
,1

31
 

54
,0

20
,8

47
 

-4
2,

11
1,

57
8 

-2
9,

46
3,

66
2 

-1
6,

81
4,

87
7 

-2
2,

10
3,

29
3 

7,
55

0,
46

9 
37

,2
05

,9
70

 
To

ta
l (

B
en

efi
ts

) 
1,

42
5,

91
8,

04
0 

1,
51

7,
72

9,
46

4 
1,

60
9,

54
0,

20
8 

1,
27

7,
72

5,
36

3 
1,

36
5,

84
7,

40
4 

1,
45

3,
96

9,
61

9 
2,

70
3,

64
3,

40
3 

2,
88

3,
57

6,
86

9 
3,

06
3,

50
9,

82
7 

N
et

B
C

R
at

io
 

1.
72

 
1.

82
 

1.
92

 
2.

38
 

2.
52

 
2.

66
 

1.
98

 
2.

09
 

2.
21



N

et
 $

 S
av

ed
 

59
5,

13
4,

51
4 

68
3,

05
0,

07
1 

77
0,

96
4,

94
8 

74
0,

60
9,

40
1 

82
3,

84
6,

56
4 

90
7,

08
3,

90
0 

1,
33

5,
74

3,
91

5 
1,

50
6,

89
6,

63
5 

1,
67

8,
04

8,
84

8


Findings 63




64 To Treat or Not to Treat 

to cost ratio decreases slightly, from 2.14:1 to 2.09:1. 
Again, the results vary by drug severity. That is, the newly added group at 

risk of drug dependence has a benefit to cost ratio of 1.81:1, while the newly 
added group at risk of drug abuse has a benefit to cost ratio of 2.29:1. Again, it 
is important to illustrate that the group that is most benefited from a change to 
one policy regime, may not be the group that benefits the most from a change 
to a different policy regime. 

4.4.4.	 Simulation 4: Adding Individuals with Co-Occurring Alcohol Prob
lems 

Next, we again return to the eligible population in table 4.5, and this time we 
simulate the effect of removing current exclusions on alcohol problems. About 
one-third of drug courts exclude individual with a history of alcohol abuse, and 
in table 4.9, we simulate the effect of including the eligible pool of treatment 
clients. By dropping the alcohol problem exclusion, about 70,000 additional 
arrestees become eligible for drug court managed treatment. 

The results are mixed. Overall, adding this group reduces the benefit to cost 
ratio from 2.14:1 to 1.73:1. However, again, these aggregate numbers mask im
portant differences in the responsiveness of this new population to treatment. 
The newly added group with a history of alcohol abuse adds $654 million in 
new costs as well as $714 million in new benefits. Thus, the benefit to cost ratio 
for this group is only 1.09:1. For those at risk of dependence, the results are 
better, with the newly added group estimated to have a benefit to cost ratio of 
1.43:1. However, adding those with a history of alcohol abuse and a risk of drug 
abuse may not be cost-effective. While the mean expected benefit to cost ratio is 
0.70 to 1 for this group. Thus, adding those with co-occurring alcohol problems 
who are at risk of drug abuse is cost-effective. Adding those with co-occurring 
alcohol problems who are at risk of drug dependence is not cost-effective. 
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4.4.5. Simulation 5: Expanding Eligibility to Include all Arrestees 

Finally, we simulate the effects of treating all arrestees at risk of drug dependence 
or at risk of drug abuse. That is, in table 4.10 we estimate the costs and benefits 
of treating all 1.47 million arrestees with a serious drug problem who are likely 
to be found guilty each year. The results suggest doing so would be very cost
effective. For the entire group, the costs of treatment would exceed $13.7 billion. 
The benefits are estimated at more than $46 billion. Overall, the benefit to cost 
ratio is 3.36:1, meaning that for every dollar in costs, there are more than three 
dollars in benefits. The results suggest that treating those who are currently 
excluded will be substantially more cost-effective than current practice or any 
limited expansion of current eligibility. 
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Chapter 5 

Discussion 

Our main motivation was to provide some answers to the question: What crime 
reducing benefits can we reasonably expect if the therapeutic jurisprudence model 
was extended to all offenders in need of treatment. Clearly information needed 
to answer this question cannot be found in one place. Therefore, we designed 
a synthetic data set—of 40,320 possible profiles—and using data from various 
sources interpolated values conditional on profile attributes. We computed the 
prevalence of the potential clients and computed the expected number of crimes 
avertable by treating them under various modalities for each of the profiles in 
our synthetic data. Moreover, for each of them, we computed precision esti
mates as well. Using combinations of several of the interpolated outcomes, we 
estimate that nearly 1.5 million arrestees nationwide who are probably guilty 
are either at risk of drug dependence or of abusing drugs. Moreover, several mil
lion crimes could be averted annually by treating these individuals. Although 
our current work was motivated by a limited question, we believe the creating of 
the synthetic data has several future benefits. Clearly, the prevalence estimates 
and the conditional crime reducing benefits provide some guidance to policy 
makers on the prospects of going to scale in therapeutic jurisprudence. 

A more thorough analysis, however, would require additional pieces of infor
mation. For example, not every profile in our data set and not every treatment 
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modality costs the same. Hence, even if we could attach dollar estimates to 
the crimes avertable by treatment, an important quantity to add to this data set 
would the anticipated costs of treating individuals. Similarly, the counterfactual 
currently is based on the absence of treatment. This may be statistically a clean 
counterfactual, however from a policy perspective, the benefits of treating drug 
involved offender should be compared against other policy options—e.g., incar
cerating them. Clearly, incarcerating these offenders will avert some crimes (if 
for no other reason than the mere fact that they are incapacitated). What is im
portant for making informed policy choices is whether the addition reduction 
in crimes, over and above those averted by treatment, are worth the additional 
costs of incarcerating offenders. 

As we continue to refine these data, we can create estimates of the costs and 
benefits of treating varying offender profiles across available treatment modali
ties to estimate the optimal mix of treatment. In addition, the current drug court 
eligibility assumptions (that, for example, those with violence in their current 
charge should be excluded) are testable using this method. Estimates can also be 
generated about the treatment capacity that would have to become available to 
facilitate the additional demand for treatment. 

We believe the synthetic data set we have designed is ideally suited to address 
these future questions. Note that the additional variables of interest could be 
interpolated onto the current dataset from any other data source. In a similar 
manner, if in future researchers develop better estimates of the long term (post 
graduation) crime reducing benefits of treatment, they can be interpolated onto 
the synthetic data as well and built into the analysis. 

A final future benefit of the synthetic data approach is that local jurisdic
tions that may not have the resources to conduct expensive studies of the poten
tial costs and benefits of its policy options (regarding offenders at risk of drug 
dependence or abuse) may be in a position to simply replace the prevalence es
timates in the synthetic data with numbers that better reflect their jurisdiction. 
Thereafter, they can utilize all the knowledge that has been interpolated onto 
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the synthetic data from several data sources and, potentially, several scholars for 
making informed decision relevant to their population. 

These extensions are exciting and possible, at least in theory. Several are 
currently under way. We hope that this article will help trigger interest in the 
use of such detailed and large synthetic data, as a viable alternative to real micro
data, for generating and assessing simulated evidence on the prospects of going 
to scale in other interventions. 
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Appendix A 

Mathematical Appendix 

A.1. INTERPOLATION TECHNIQUE 

For all of the modeling work performed in this paper, we use a semi-parametric 
interpolation technique. Since we are interested in generating a synthetic data 
that resembles the evidence in several different sources as closely as possible, it 
would be desirable to allow non-linear, flexible links among the attributes and 
the estimated quantities. To do so, we utilize an approach which, like non
parametric regressions, computes expectations about an outcome as a weighted 
average of observed outcomes. The weights reflect the empirical similarity of a 
profile and an actual case in the data being used. The intuition behind this strat
egy is similar to the theory of case based reasoning among humans (Gilboa and 
Schmeidler 1995, 1997, 2001). When we encounter a new situation, a heuris
tic approach to forming expectations is to think back on our experience and 
assess the empirical similarity of this new situation to our experience. Gilboa, 
Lieberman, and Schmeidler (2006) provide several examples of this form of rea
soning in everyday decision-making, and lay out its axiomatic foundation. For 
our analysis, we use the approach to merely interpolate data onto the synthetic 
dataset. 

One major advantage of the strategy is that we are able to uncover and use 
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non-linear relationships without explicitly specifying complicated functional 
forms. The learning strategy is a localized one that uncovers such non-linear 
links, if they exist, automatically. It is similar, in spirit, to non-parametric re
gression and kernel based smoothing techniques (Silvernam 1986; Loader 1999; 
Pagan and Ullah 1999; Fan and Yao 2003). A brief explication of our approach 
follows. 

Let xkn and xk m represent the values of the kth attribute of any two sample 
members (indexed by n and m where both n, m = 1, . . . ,N ). The empirical 
similarity weights between units n and all other units can be defined as: 

exp − k θk(xkn − xk m)
2

pmn = 
� � � � (A.1) 

exp m − k θk(xkn − xk m)
2

where θk are shrinkage parameters that must be estimated with the evidence to 
reflect the average amount of similarity in terms of the kth attribute. Our esti
mation procedure is similar to, and builds on, developments in the field of arti
ficial intelligence (Huang, Kecman and Kopriva 2006). It falls under the general 
class of learning models dubbed unsupervised learning algorithms. It is designed 
to learn from the evidence (observed samples) to predict what can reasonably be 
expected to happen in hypothetical or unobserved instances. In order to make 
these predictions, the algorithm computes a similarity score for the hypotheti
cal scenario to all scenarios already observed and makes the best guess based on 
that. The choice of θk parameters is crucial in the analysis. Appendix IV explain 
how these parameters are estimated and how the asymptotic standard errors for 
θk , as well as related quantities, are estimated. Similar to human learning, they 
are estimated by appropriately balancing the algorithm’s need to learn from the 
evidence, not memorize it. 

Once we have model estimates, i.e., once we have recovered the θ̂k , we can 
compute a host of interesting quantities from the available evidence. For exam
ple, we can simulate the expected outcome (say y) for a profile as follows. Let 
the kth attribute for profiles j ∈ J be denoted by xk j . Armed with θ̂k , we can 
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compute the empirical similarity of this profile to all observations in the real 
data as 

�

� � 
exp k θk(xk j − xk m)

2 

pj m = 
� 

−
�

� � (A.2) 
exp m − k θk(xk j − xk m)

2

and use the empirical similarity between the profile and the observed sample 
members to compute the expected outcome as 

ŷ j = ym p̂ j m ∀ j ∈ J (profiles) (A.3) 
m 

Note, however, that the parameters are estimated just once and used to com
pute the empirical similarity of each and every profile to all observations in the 
sample. To see this, recall from (A.1) that the similarity between any two obser
vations n or m is based only on xn and xm, and not any outcomes. Therefore, 
once the algorithm has been trained (i.e., θ̂k estimated) it can be used to interpo
late any number of outcomes onto the synthetic dataset. 

A.2. PREVALENCE ESTIMATION 

For each of the j = 1, . . . , J profiles, we are interested in estimating the annual 
number of arrestees nationwide (aj ). If we had this information directly in the 
re-weighted ADAM we could interpolate this variable directly onto the syn
thetic data. However, ADAM provides information on the number of times 
individuals were arrested in the year prior to the current booking ( bi where 
bi g t1∀i ∈ N ). Using the empirical similarity between synthetic profiles and 
ADAM sample members, we compute the expected number of arrests for par
ticular profiles as b̂ j = 

� 
i bi p̂i j . 

Note that individuals who are arrested more frequently ought to have a 
larger share of all arrests nationwide. Therefore, we next re-scale bj to mimic 
census numbers. This ensures that the total number of arrests across all profiles 
sums to the total number of adult arrests nationwide. 
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Next, suppose that we can estimate a profile specific annual recapture rate 
(r j )—the proportion of all arrests in a year that are re-arrests. This would allow 
us to convert the number of arrests into the number of arrestees as 

aj = bj ∗ (1− r j ) ∀ j ∈ J (A.4) 

The intuition behind this equation is straight forward. If the re-capture rate is 
0 then it must be the case that the number of arrestees are exactly equal to the 
number of arrests (since the probability of recapture is null). As the re-capture 
rate increase, the number of arrestees would be an appropriately scaled down 
version of the number of arrests. At the limit, the number of re-arrests will be 
equal to bj − 1 (i.e., the number of arrests less 1) so that, with a re-capture rate 

of r j = 
bj

b

−

j 

1
, the number of arrestees aj is exactly 1 (i.e., all arrests are generated 

by just 1 arrestee being recaptured several times). 
We compute the expected re-capture rate also from the re-weighted ADAM 

data using bi . Note that the number of recaptures (re-arrests) is bi − 1. If we 
denote the hazard of a re-capture event at time t as hi (t ), then, by definition, the 
probability of recapture within the 1 year period can be computed as 

�
� 1 � 

1− exp − 
0 

hi (t ) d t 

�
� 1 � 

since the survival probability is defined as exp − hi (t ) d t . Moreover, since 0 

the hazard is an intensity function, the integrated hazard yields the number of 
events within a year. Since bi is the total number of arrests within the year, we 

� 1have hi (t ) d t = bi − 1 and, therefore, we can define ri = 1− exp(1− bi ). Us0 

ing the empirical similarity between synthetic profiles and ADAM sample mem
bers, we can now compute the expected re-capture rate for a particular profile as 
r̂ j = 1− exp(1− bi ) p̂i j . The expected number of arrestees of a particular i 

profile can now be computed by plugging in estimates of bj and r j into (A.4). 
Furthermore, since ADAM has classifications for arrestees being at risk of 
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drug dependence or abuse, we can convert these into two binary outcomes. 
Now, using the empirical similarity weights, we can generate estimates of the 
probability of an arrestee profile being at risk of drug dependence ( π̂ j (d )) or 
abuse ( π̂ j (a)). When combined with â j we obtained estimates of the num
ber of potential clients at risk of drug dependence (âd j = â j π̂(d )) or abuse 
(âa j = â j π̂(a)). 

A.3. COMPUTING VARIANCE 

Formulas for computing the variance of the sum of independent random vari
ables or scaled random variables are available in introductory statistics texts. 
For the product of a set of independent random variables, denoting x̂ the ex
pectation and x̃ the variance of a random variable, we use the following for
mula provided in Goodman (1962). If y = k xk , then ŷ = xk and ỹ = 
�

� �

� k ˆ

k x̃k + x̂k 
2 − k x̂k

2. 

A.4. EMPIRICAL SIMILARITY WEIGHTS 

Let pnm reflect the empirical similarity between unit m and n for all n, m = 

1, . . . ,N units in the training sample. Then we wish to link these weights to a set 
of K attributes recorded, say, as x = (xn1, . . . , xnK)

� for each unit. n 

The Euclidean distance between any to units, along the K different dimen
sions, may be computed as 

φknm = (xkn − xk m)
2 

so that we can compute the sum of p-weighted dis-similarity among the training 
sample units as: 

φknm pnm 
n m 

If we wish these weights to be a root-N consistent estimates of the diversity 
among sample members, then a good sample analog of this quantity is σ2/

�
Nk
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where 
�

� 
�21 

=σk 
2 

N 
xkn − xk 

n 

is the observed sample variance of the kth attribute and xk its mean. 
In order to ensure that the estimated weights provide this consistency, we 

therefore convert this requirement into a set of constraints that the weights must 
satisfy (in the sample). In other words, we require that 

σk
2/
�

N = 
�� 

φknm pmn ∀k ∈ K (A.5) 
n m 

If in addition, we wish to use the weights to compute expectations, we want 
them to be normalized–i.e., sum to 1. This results in another set of constraints 

1= pmn ∀n ∈ N (A.6) 
m 

What we now have is an ill-posed inversion problem: many more unknowns 
(N 2) than equations linking them (N + K). Typically, an infinite number of so
lutions will be consistent with the constraints. We need a way to choose among 
them. 

Information theory, an inter-disciplinary field that uses entropy and entropy
related measures to quantify uncertainty, provides the philosophical justification 
to make this choice. Edwin Jaynes, a physicist, argued in a series of influen
tial paper that when faced with a problem that has an infinite number of solu
tions we should choose the solution that is least informative while satisfying the 
constraints (Jaynes, 1957a; Jaynes, 1957b). To operationalize such an agnostic 
approach, Jaynes needed some way to quantify the lack of information. For
tunately, within the context of a problem in communication theory, Shannon 
(1948) had, just a few years earlier, developed a precise definition of uncertainty 
and termed it Information Entropy. Given a set of J proper probabilities, Shan
non defined the uncertainty captured in them as H (w) = − j wj log wj . In 



87 Mathematical Appendix 

what has come to be known as the Maximum Entropy formalism, Edwin Jaynes 
proposed to use Shannon’s Entropy as the criterion to maximize, subject to all 
available constraints, in order to derive conservative inferences from the data. 

The problem of assigning values to our similarity weights then can be for
mulated as a constrained maximization problem and solved by the method of 
Lagrange. The primal Lagrange functions is: 

� = − 
� 

pnm log pnm + 
� 
ηn(1− 

� 
pmn)+ 

� 
θk(σk

2/
�

N − 
� 
φk mn pmn) 

nm n m k nm 
(A.7) 

∂ � ∂ �and solving the first order conditions 
∂ pmn 

= 0 and
∂ ηn 
= 0 simultaneously yields 

the solution: 

exp(− 
� 

kφk mnθk) � 
pmn = � � =Ω−1 exp(− φk mnθk) (A.8) 

exp(− kφk mnθk) 
n 

m k 

where θ1, . . . ,θK are the Lagrange Multipliers to be estimated and Ωn, termed 
the partition function, ensures that the weights are properly normalized. 

Note that this optimal solution can be inserted back into the primal to derive 
the corresponding dual objective functions: 

� = 
� 
θkσ

2/
�

N + 
� 

logΩn (A.9) k
k n 

This is an unconstrained minimization problem in the unknown Lagrange 
Multipliers that can be solved in a variety of software fairly easily. Note that 
once the Lagrange Multipliers are estimated, they can be ported to the valida
tions samples and similarity weights can readily be computed for each sample 
member or can be used to assess the similarity/dissimilarity between a new ob
servations (or a profile) and the entire training data. 

Suppose we denote a new observations with the index j , i.e., this observa
tions has attribute profile x j . Then we can compute how similar this individual 
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is to the training sample by plugging his/her attribute set into (A.8) to get: 

p̂ j m =Ω
−
j 

1 exp − θk(xk j − xk m)
2 ∀m ∈ N (A.10) 

k 

Since they are normalized, they will yield weights that can be applied to com
pute expectations using past outcomes for the training sample (i.e., ∀m ∈ N ). 
Therefore, a data-driven expectations for an outcome for this individual can be 
computed as: 

ŷ j = ym pj m (A.11) 
m 

The dual objective function (A.9) is an unconstrained optimization problem 
in the parameter vector θ1, . . . ,θk . It falls under the general class of extremum 
estimators. The consistency and asymptotic normality of these estimators can 
be established under fairly general regularity conditions (Mittelhammer, Judge, 
and Miller 2000,132–139). One way to assess the sampling variability of the 
Lagrange Multipliers is to compute the negative inverted Hessian of the dual 
objective function. That is, 

ΣΘ = − 

� 
∂ 2� 

�−1 

(A.12) 
∂ Θ∂ Θ� 

where Θ = (θ1, . . . ,θK)
�. ΣΘ can be used to assess the sampling variability of 

the Θ. But, more importantly, it can be used to construct asymptotic standard 
errors around the various expectations derived in this paper. 

Consider, for example, the quantity ŷ j defined in (A.11). We have defined it 
as the expected outcome for profile j . Since the algorithm has used a single data 
set, we need a way to assess the sampling variability of this quantity. To do so, we 
use the Delta-method (Greene 2000,357). Given an estimate of the asymptotic 
covariance of Θ, we can approximate the covariance of any non-linear function 
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of it, e.g., ŷ j , as follows: 

∂ ŷ j ∂ ŷ j 
� 

ỹ j = ΣΘ (A.13) 
∂ Θ� ∂ Θ� 

Using the definitions of ŷ j from (A.11) and the definition of p̂ j m from (A.10), 
we can derive 

∂ ŷ j 
�

� � �

� 

∂ Θ� 
= − 

m 

ym[x j − xm]
2 p̂ j m − 

m 

ym p̂ j m 
m 

[x j − xm]
2 p̂ j m (A.14) 

and use that in (A.13) to approximate the asymptotic variance of each quantity 
interpolated onto the synthetic data. 

To show that the approach does successfully uncover hidden signals, even 
from a small training data set (N = 200) with sufficient noise, we performed a 
small simulation exercise. We generated data from the following process: 

y = sin(2× π × (1− x)2)+ ε (A.15) 

where x ∼ UNIFORM(0,1) is some profile variable, y is some outcome vari
able, and ε ∼ NORMAL(0,1). 

After estimating the lagrange multiplier using only the information in the x 
variable, we recovered the underlying signal. The true signal, the noisy data, and 
the recovered signals are displayed in the figure A.1. As is evident, the algorithm 
provides a very robust method for uncovering hidden relationships between the 
variables—if such relationships truly exist. 
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Figure A.1: Successfully recovering hiddens signals using empirical similarity 
weights: An example. 




