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ABSTRACT 
 

Too Far to Travel?:  
An Investigation of the Effects of Distance to Community-Based Treatment Programs for 

Juvenile Offenders 
 
 

Brian Lockwood 
Doctor of Philosophy 

Temple University, 2010 
Doctoral Advisory Committee Chair: George F. Rengert 

 
  

Although recent years have seen a dramatic increase in research on the 

relationship between space and crime, few studies have examined the impact of space on 

the juvenile justice outcomes of treatment non-completion and recidivism.  Fewer yet 

have investigated how such effects might differ on those outcomes when disaggregated 

by the reason for non-completion and recidivism offense type.  This study seeks to 

address those theoretical gaps by determining the effects of distance to treatment for 

juvenile offenders on type of treatment non-completion and recidivism.  By estimating 

the effects of not only linear and temporal distance, but also social distance, this analysis 

represents a valuable inquiry into the influence of space on juvenile offenders. 

 Data on juvenile offenders adjudicated in Philadelphia’s Family Court to attend 

community-based treatment from 1996 through 2002 provide this study with 6,208 

individual units of analysis.  Data describing the neighborhoods in which the juveniles 

live and the programs that they attend are also included in this analysis.  The use of 

hierarchical linear models allows for the simultaneous estimation of multiple levels of 

control variables when modeling the effects of distance to treatment.  Separate models are 

constructed to estimate the direct effects of distance to treatment on treatment non-
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completion and then the subsequent, indirect effects of distance to treatment on juvenile 

recidivism. 

 Results from two-level models that control for both neighborhood and program 

context indicate that distance to treatment does influence the likelihood of both treatment 

non-completion and recidivism.  In general, distance to treatment was found to increase 

the likelihood of both treatment non-completion and recidivism as distance to treatment 

increases.  Interaction effects that represent the joint effects of distance and race indicate 

that the impact of distance is generally greater for non-Whites, as they are more likely 

than Whites to fail to complete treatment as distance increases.  Results from cross-

classified models reveal limitations of the data related to statistical power and noise.  

Findings from this analysis contribute to several bodies of literature, including 

criminology and geography, and strongly support the consideration of distance to 

treatment by policymakers within the juvenile justice system.  
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CHAPTER ONE: INTRODUCTION 
 
 
 

 Most adjudicated juvenile offenders are monitored in communities, rather than in 

residential facilities.  Nearly two-thirds of these youths are sentenced to time on 

probation (Borum, 2003).  As a result, “professionals in juvenile justice and behavioral 

health are responsible for supervising and managing nearly a half a million youths who 

may be at risk for delinquency or violent offenses” while living in their communities 

(Borum, 2003: 115).  For many of these juvenile offenders, a condition of their probation 

requires that they attend treatment programs within their communities.  Treatment 

attendance typically requires consistent travel.  The distance traveled can logically be 

expected to deter adolescents from completing treatment due to the temporal and 

financial costs associated with travel.  The effects of this travel have not yet been 

investigated in terms of juvenile justice outcomes such as treatment non-completion and 

subsequent recidivism.  With large numbers of juveniles attending programs that require 

traveling some distance from home, it is imperative that the potential effects of distance 

to treatment for offenders attending community-based programs be identified and 

understood in order to reduce negative outcomes such as treatment non-completion and 

recidivism. 

 There are no known empirical studies on the effects of distance to treatment on 

the outcomes of juvenile offenders.  Researchers are now just beginning to think about 

such effects.  Guerra et al. (2008: 98) are among the first to describe the importance of 

the location of community-based programs on the effective treatment of juvenile 

offenders in the definition of their “closer to home principle.”  The “closer to home 
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principle” postulates that community-based treatment is preferable over out-of-

community treatment, because programs located near a juvenile’s home will allow for the 

increased involvement of the youth’s family during treatment.  Additionally this will also 

increase the ability of juveniles to “retain ties with their home communities in order to 

develop a positive support system” (Guerra et al., 2008: 99).  This principle contrasts the 

effectiveness of programs within the community with those beyond the community of a 

juvenile offender, but it stands to reason that this concept is just as pertinent when 

comparing only community-based programs.  If community-based programs are thought 

to be more effective than out-of-community programs due to increased support from 

family and the community, then this principle can be extended to hypothesize that 

community-based programs located closer to a juvenile’s home are more likely to garner 

successful outcomes than are community-based programs farther away. 

Much of the research on program effectiveness for juvenile offenders has focused 

on the program components found to correlate with successful outcomes in treatment.  A 

number of conclusions have been drawn about the program structures and services that 

are most effective in reducing the negative outcomes for these juveniles; often asserting 

that particular treatment modalities and services are more likely to garner positive 

outcomes.  Unfortunately, there is a lack of research on the role that distance to treatment 

has on the effectiveness of community-based treatment programs for juvenile offenders, 

despite a growing interest in considerations of space by criminologists in recent decades 

(Sampson et al., 2002).  The investigation of distance-based effects on juvenile justice 

outcomes clearly would serve to fill theoretical and methodological gaps within the 

criminological literature. 
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The importance of distance-based research on juvenile justice outcomes is further 

supported by Smykla’s (1981: 280) statement more than 25 years ago that “Choices 

between program alternatives in community corrections have traditionally been made 

largely on the basis of luck, intuition, hindsight, and politics.”  Increased knowledge of 

spatial effects on juvenile offender outcomes could provide information for judges and 

other juvenile justice practitioners to consider when determining where to send their 

young clients.  Additionally, knowledge of distance effects could inform program 

administrators when they determine where to place treatment facilities and how to define 

their target population, in order to serve clients that live closer to such facilities.  Many 

studies of juvenile offender treatment effects have provided practitioners with 

information to consider beyond intuition and hindsight, but research on space-based 

effects represents a noticeable gap in the juvenile justice literature. 

Unlike juveniles solely on probation or serving time in residential custody 

facilities, juvenile offenders who attend community-based treatment programs must 

travel to those programs on a regular basis.  This travel might first appear to be a minor 

aspect of a juvenile’s treatment, but ecological research in criminology has uncovered an 

increasingly large body evidence of the significant effects of space-based predictors on 

many criminal justice outcomes (Sampson et al., 2002).  Such findings provide support 

for the utility of an inquiry into the effects of distance on the efficacy of treatment 

programs for juvenile offenders.  Although the effects of space on criminal justice and 

health-related outcomes have been of increasing interest to researchers throughout the 

last half of the 20th century (Sampson et al., 2002), very little work has examined the 

impact of geography on outcomes related to juvenile re-offending.   
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Few studies have estimated the effects of spatial indicators on juvenile recidivism 

(Grunwald et al., in press; Simmons, 2001; LeBaron, 2002).  These works conclude that 

community context does indeed influence the likelihood that juvenile offenders will 

recidivate after their release from treatment.  Specifically, these studies find that 

ecological predictors representing community processes, such as neighborhood 

disadvantage, are significantly related to juvenile recidivism rates.  Although these 

studies are interesting and important, they represent only the beginning of research 

endeavors that seek to discover how geography influences juvenile justice outcomes. 

There is an empirically supported connection between program completion and 

recidivism: juvenile offenders who complete treatment are less likely to reoffend (Daly & 

Pelowski, 2000; Van Voorhis et al., 2004; Wormith & Olver, 2002).  While few studies 

have asked how geographic predictors influence juvenile recidivism, almost no research 

has examined the geographic predictors of non-completion from juvenile offender 

treatment.  The work of Guerra et al. (2008), however, suggests that spatial analyses of 

juvenile treatment non-completion is worthy of inquiry.  Consistent with research on 

juvenile recidivism, numerous studies have identified individual- and program-level 

correlates of program non-completion, but none have asked how distance might influence 

the likelihood that juveniles will complete the community-based programs they attend.   

 The majority of research that has estimated the effects of space on crime has 

tapped indicators aggregated to spatial units, often in the form of census tracts or block 

groups.  Much less work in the field has looked at spatial predictors such as the distance 

between offenders and specific locations.  There is a rich body of scholarship in criminal 

justice research that has examined the distance traveled to crime by offenders, typically 
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referred to as the “journey-to-crime”, but this research is limited to the study of the 

distance and direction between offenders, victims, and crime locations (Rossmo, 2000).  

Much less research to date has investigated the effects of the distance between offenders 

and other locations.  In addition, the bulk of research in criminology regarding distance 

effects has solely examined linear distance, thereby excluding a consideration of 

conceptualizations of distance that take travel networks and perceptions into account. 

There is a gap in the criminological literature regarding the effects of distance to 

treatment on juvenile justice outcomes.  Little work has considered distance-based 

predictors of offending, beyond that of the journey-to-crime literature.  Research is 

therefore needed on how travel to treatment influences the likelihood of treatment non-

completion for juveniles, and how such travel affects the propensity of juveniles to 

reoffend.  This study intends to comprehensively analyze the influences that distance to 

treatment exerts on the likelihood of juvenile treatment non-completion and recidivism.  

Put simply, the current study asks: Does distance to treatment influence the likelihood 

that juvenile offenders will fail to complete treatment, and subsequently recidivate?  And 

if so, what is the nature of these effects? 

 The Current Study 
 

In order to answer these questions, this study analyzes a dataset of more than 

6,000 juvenile offenders who have been adjudicated in Philadelphia’s Family Court.  By 

mapping the location of the juveniles’ homes and program locations, distance to 

treatment is operationalized with several measures that represent the ways in which 

juvenile offenders traveled and also perceived their travel.  These measures include 

Euclidean, network, and perceived distance that are modeled with data from the City of 



 
 

6

Philadelphia, the Southeastern Pennsylvania Transportation Authority (SEPTA), the 

Philadelphia Police Department, and the Public Health Management Corporation 

(PHMC).   Although, the juvenile offender database does not include the actual distance 

traveled by juveniles to treatment, nor the mode of transportation used, the calculation of 

multiple distance measures from the sources listed above represent a multidimensional 

methodology for the calculation of distance to treatment. 

 This study employs a multi-pronged analytic plan to test whether there is a 

significant relationship between distance to treatment programs for juvenile offenders and 

the likelihood of both program non-completion and recidivism.  Based on the 

aforementioned empirical link between treatment non-completion and recidivism, this 

analysis will first test for the direct effects of distance to treatment on non-completion.  If 

significant effects are identified, the indirect effects of distance to treatment on 

recidivism will then be modeled.  Hierarchical generalized linear models (HGLM) will be 

used to estimate distance effects of treatment non-completion and recidivism while 

controlling for individual and contextual factors.  First, models that include individual- 

and neighborhood-level context will be estimated in order to identify the effects of 

distance, net of neighborhood contextual predictors that prior studies have found to 

influence the outcomes measures.  Next, similar models will be constructed that include 

individual-, and program-level context.  This will permit the estimation of distance 

effects while controlling for the structure of treatment programs that juveniles attend, 

another likely significant factor of treatment non-completion and recidivism.  

Finally, this model building process, and the dually-nested nature of the juvenile 

offenders to be analyzed, will allow for the use of cross-classified models that 



 
 

7

simultaneously include both neighborhood- and program-level context with individual-

level predictors.  The resultant distance effects, identified net of several distinct levels of 

predictors, will more closely approximate the relationships between juvenile offenders 

and distance to treatment than can more traditional statistical techniques.   

Two sets of models will be estimated for each series of hierarchical models 

described above.  The first will test the effects of distance to treatment on treatment non-

completion, disaggregated by reason for failure to complete the treatment regimen.  The 

second set of models will test the indirect effects of distance to treatment on treatment 

non-completion by including treatment non-completion as a predictor of juvenile 

recidivism, also disaggregated by type.  This process will test for the direct effects of 

distance on treatment non-completion and the later, indirect effects of distance on 

recidivism that are expected to manifest due to non-completion. 

 This work has important implications for both to the delivery of community-based 

services in juvenile justice and to several bodies of literature.  Subsequent to the 

identification of distance effects on treatment non-completion and recidivism, the 

practices of several groups of stakeholders in the juvenile justice system can be modified 

and enhanced to improve outcomes for juvenile offenders who enter the juvenile justice 

system.  Juvenile court judges, for example can be made aware of the impact that 

distance to treatment can have when determining where to send their young charges.  

Similarly, program administrators can reshape the areas from which they draw their 

clients, and large programs could be decentralized and tailored to the specific populations 

from which their clients are drawn.  Other agencies with decision-making abilities in the 

juvenile justice system, such as police departments and schools, will similarly be able to 
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improve their effectiveness.  Most importantly, the information that will stem from this 

research can likely be implemented efficiently and at little cost. 

 This research will also contribute to the several bodies of literature that will be 

reviewed and incorporated into this study.  Travel modeling is hardly new to the fields of 

criminology, healthcare, education, and geography, but this research will quantify 

distance via several methods that can shed light onto the most accurate ways in which to 

measure how juveniles traverse urban space.  The correlations and effect sizes of these 

various operationalizations of distance will improve understanding of the travel behavior 

of juvenile offenders.     

In sum, this analysis seeks to fill theoretical and methodological voids that 

currently persist in several bodies of literature, with research on juvenile justice chief 

among them.  By testing the effects of distance to treatment on the likelihood of treatment 

non-completion and recidivism for juvenile offenders, this study will represent the first 

research initiative to empirically examine such effects.  The next chapter surveys the 

relevant literature in order to put forth hypotheses that will guide this analysis in 

determining the effects of distance to treatment on program non-completion and 

recidivism for juvenile offenders.      
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CHAPTER TWO: LITERATURE REVIEW 
 

Structure of the Review 
 
 This analysis sits at the nexus of the disciplines of criminology, geography, 

education, and healthcare.  Figure 1 illustrates the various literatures that will contribute 

to the current study.   

 

 

Figure 1: Bodies of Literature to be Reviewed 

 

The review begins with a summary of research in criminology that has identified 

correlates of juvenile recidivism and treatment non-completion.  These studies conclude 

that predictors representing individual-, neighborhood-, and program-level context 
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contribute to the likelihood that juvenile offenders will fail to complete treatment and 

subsequently recidivate.  An understanding of this literature will enable the current study 

to control for appropriate predictors in models that estimate the effects of distance on 

juvenile justice outcomes.   

The journey-to-crime literature, aptly named due to its examination of the space 

between offenders, victims, and the locations of offenses, will also be reviewed.  These 

studies have found that offenses are less likely to occur as an offender travels from their 

home, resulting in a distance-decay function of offending.  Although the distance to 

crime events and/or crime victims have generally been the only locations of interest when 

measuring distance, the robust findings from these studies suggest that distance is a 

worthy variable of interest for the current study.  Several of these inquiries have even 

examined the distance-based relationships that exist specifically for juvenile offenders 

and found that juveniles do not travel as far as adults when committing offenses.  

Juvenile offenders appear to be more acutely affected by space than are adult offenders 

(Gabor & Gottheil, 1984; Bichler et al., in press; Rossmo, 2000; Turner, 1969).  

 The fields of healthcare and education have already examined the effects of 

distance to various forms of treatment and programming, and provided much insight 

regarding how the effects of distance on juvenile crime-related outcomes might be 

studied (Arcury et al., 2005b; Frenette, 2004; 2006; Jordan et al., 2004; Muller et al., 

1998).  Both sets of literature have looked at the effects of distance to services, and have 

employed several conceptualizations of distance to estimate its effects.  These studies 

will be particularly helpful in determining a comprehensive and appropriate methodology 
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for the current research with which to determine the effects of distance on juvenile 

offenders. 

 Literature on perceptions of distance will then be reviewed to examine effects of 

non-physical types of distance. Cognitive distance, for example, refers to perceptions of 

distance that vary for each individual based on their experiences in and knowledge of 

specific areas (Briggs, 2005; Golledge, 1987; Golledge & Garling, 2004; Tolman, 1948).  

Due to data constraints, research on “revealed activities” of individuals will be 

undertaken.  Studies of “revealed activities” or “revealed space preference” examine the 

known spatial behavior of individuals as an indirect measure of the effects of space when 

direct evidence is not present, as is the case in this analysis (Rengert, 1996; Rushton, 

1969).  Criminologists have applied this research to determine that the spaces in which 

offenders commit their crimes are rationally shaped by the cognitive maps they possess 

(Brantingham & Brantingham, 1984; Taylor & Gottfredson, 1986) and that the cognitive 

maps of non-offenders influence their perceptions of both distance and danger in nearby 

areas (Mattson & Rengert, 1995; Rengert & Pelfrey, 1997).   

 Studies that examine the effects of social distance in the form of social barriers 

will also be reviewed to more clearly understand how individuals consider the 

composition of neighborhoods during their travels.  This area of inquiry examines the 

effects of social perceptions that can determine the location of offenses, and have 

concluded that offenders are affected by changes in the social makeup of urban 

neighborhoods (De Poot et al., 2005; Rengert et al., in press; Reynald et al., 2008).  As a 

result, it would be of great interest to include measures of perceived and social distance in 
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the current study in order to estimate the extent to which juvenile offenders use cognitive 

maps and knowledge of neighborhood structure to shape their travel behavior.   

Next, research on co-offending will be reviewed to describe the tendency of 

offenders to act in groups.  The literature dealing with co-offending is very clear that 

many criminal offenses are conducted in groups, with studies finding that juveniles are 

more likely to co-offend than adults Reiss (1988: 118).  This research will extend the 

literature on juvenile co-offending to articulate the expectation of peer groups to 

influence the likelihood of treatment non-completion, and to subsequently control for 

such effects.  This study will be the first to ask whether a “co-non-completion” 

phenomenon exists.  No known research has examined the extent to which juvenile 

offenders fail to complete treatment while in groups.  If juveniles are found to have an 

increased likelihood of failing to complete treatment while in groups, it will be important 

to include a measure of this behavior when estimating the effects of distance on treatment 

non-completion and recidivism. 

On the other hand, traversing space as a group may be less onerous than doing so 

as an individual. Rather than noticing the time it takes to get to the treatment center, the 

group may engage in conversation or other distractions that make the time and distance 

go by faster. Even if the individuals do not engage in conversation or other distracting 

activities, juveniles may feel more secure if they are with other individuals from their 

neighborhood.  The neighborhood in which the program is located may be perceived 

differently by an individual than by a group of individuals.  Environments that may be 

threatening to an individual may be less so to a group of individuals.  This study will test 

which of the above propositions hold in the case of juvenile offenders in Philadelphia. 



 
 

13

Lastly, awareness space, a key component of crime pattern theory, will be 

invoked to justify and describe the effects of distance that this study expects to find.  This 

section will provide a more detailed description of awareness space and explain why 

crime pattern theory, which contains this concept, is the most appropriate theory to serve 

as the conceptual framework for this analysis. 

After a review of the research, theoretical and methodological gaps that persist 

within those bodies of literature will be highlighted that relate to the effects of distance 

on juvenile justice outcomes.  Based on the questions currently unanswered in the 

literature on juvenile recidivism and treatment non-completion, hypotheses will be put 

forth.  Through the testing of these hypotheses, the current research will determine the 

effects of distance to treatment on juvenile treatment non-completion and recidivism.  

The literature review will proceed with the following sections: 

1. Predictors of juvenile recidivism and treatment non-completion 

2. Spatial distance 

3. Social distance and cognitive mapping 

4. Juvenile co-offending 

5. Awareness space 

6. Hypotheses  

 

Predictors of Juvenile Recidivism and Treatment Non-Completion 

 Before describing the correlates of juvenile recidivism and treatment non-

completion, it is important to note the strong relationship between them.  In many studies 

of the utility of treatment, program retention is identified as a significant factor of future 
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offending, or in the case of substance abuse treatment, relapse.  Regarding specific types 

of offenders, research has concluded that program retention decreases the likelihood of 

recidivism and increases the likelihood of positive outcomes for sex offenders (Beyko & 

Wong, 2005; Hanson et al., 2002; Marques et al., 1994; Wormith & Olver, 2002), drug 

abusers (Hiller et al., 1999, 1999; Lang & Belenko, 2000; Mateyoke-Scrivner et al., 

2004), and domestic violence offenders (Daly & Pelowski, 2000; Grusznski & Carrillo, 

1988).  Lang and Belenko (2000: 146) describe this finding in their study of drug 

treatment by stating, “The notion that successful treatment completion is associated with 

positive outcomes has received much support in the literature” and also go on to say that 

treatment non-completion is predictive of not only relapse, but also of “increased 

unemployment and legal difficulties.”   

This relationship has been found to hold true for juveniles as well.  A recent 

review of the literature on juvenile substance abuse treatment identified program 

retention as the most consistent predictor of positive outcomes for juvenile clients 

(Williams & Chang, 2000).  This has been confirmed by other studies of juvenile drug 

treatment that illustrate the ability of treatment completion to reduce future offending 

(Hser et al., 2001; Williams & Chang, 2000).  Studies of sex offender treatment have 

similarly found that juvenile sex offenders who complete treatment are at a much lower 

risk to recidivate than those who do not (Hunter & Figueredo, 1999). 

 The clear link between juvenile program non-completion and recidivism has 

prompted this analysis to consider the potential distance effects on both of these juvenile 

justice outcomes.  The following review will not only indicate that many factors are 

responsible for juvenile treatment non-completion and recidivism, but also that studies of 
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the distance between juveniles offenders and the treatment programs they travel to are 

sorely lacking. 

Individual-Level Correlates 
 
 There were 2.2 million juvenile arrests made in the United States in 2006 (Snyder, 

forthcoming).  Although this number has declined since 1997, it nonetheless represents a 

sizeable pool of juvenile offenders who can potentially reoffend.  Similar statistics 

indicate that more than 300 juveniles of every 100,000 were in custody in 2003, with a 

one day count concluding that more than 92,000 juvenile offenders were being held in 

public and private facilities (Snyder & Sickmund, 2006).  Due to variations in the 

definition of recidivism among states, a national rate of juvenile recidivism does not 

exist.  An examination of state reports indicates that juvenile recidivism varies between 

twelve and fifty-five percent, depending on how recidivism is defined.  But, no matter 

how juvenile recidivism is defined, these statistics indicate that a considerable number of 

juvenile offenders will commit future offenses (Snyder & Sickmund, 2006: 234).  If even 

a fraction of the millions of juvenile arrests mentioned above result in future offenses 

they will surely take a massive toll on our society in the form of damage to victims, 

properties, and the quality of our communities. 

 Individual-level predictors of juvenile recidivism can be grouped into categories 

such as demographics, criminal history, family/home, mental health, substance abuse, 

education, and many others.  A meta-analysis conducted by Cottle et al. (2001) of 23 

studies representing more than 15,000 juvenile offenders, identified eight major groups of 

predictors.  The dimension of individual-level predictors that has consistently 

demonstrated the largest effect size is criminal history (Cottle et al., 2001; Snyder & 
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Sickmund, 2006).  Specifically, research has identified age at first contact with the law 

(Dembo et al., 1998; Wierson & Forehand, 1995; Katsiyannis & Archwamety, 1997; 

Minor et al., 1997; Myner et al., 1998), age at first arrest (Grunwald et al., in press), 

number of prior arrests (Dembo et al., 1998; Duncan et al., 1995; Katsiyannis & 

Archwamety, 1997; Wierson & Forehand, 1995), being on probation at the time of the 

initial offense (Grunwald et al., in press), type of initial offense (Grunwald et al., in press; 

Dembo et al., 1998; Katsiyannis & Archwamety, 1997; Myner et al., 1998; Minor et al., 

1997; Wierson & Forehand, 1995), and age at first commitment (Katsiyannis & 

Archwamety, 1997) as significant predictors of juvenile recidivism. 

 The domain of family and social factors has also been consistently found to exert 

a significant influence on juvenile recidivism (Cottle et al., 2001).  Predictors related to 

the family that have been identified by prior research include: juveniles in single-parent 

households (Dembo et al., 1998; Minor et al., 1997; Myner et al., 1998), juveniles with 

family problems (Hoge et al., 1996), juveniles with parents that have a criminal history 

(Grunwald et al., in press), and juveniles who have been removed from their home 

(Grunwald et al., in press; Myner et al., 1998).  Social factors include the presence of 

delinquent peers (Hoge et al., 1996; Katsiyannis & Archwamety, 1997; Myner et al., 

1998) and the effective use of leisure time (Hoge et al., 1996; Jung & Rawana, 1999).  

The presence of delinquent peers has been found to increase the likelihood of recidivism 

among juveniles, while juveniles that effectively utilize their free time are at a reduced 

risk of recidivism (Cottle et al., 2001). 

 Although Cottle et al. (2001) found inconsistent evidence for the influence of an 

additional six groups of predictors on juvenile recidivism, their work and numerous other 
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studies have identified many additional predictors of juvenile recidivism.  Several 

education-related predictors have been identified including history of special education 

(Katsiyannis & Archwamety, 1997), school attendance (Myner et al., 1998), school-

reported achievement (Dembo et al., 1998; Duncan et al., 1995; Hoge et al., 1996; Jung 

& Rawana, 1999), standardized test scores (Duncan et al., 1995; Katsiyannis & 

Archwamety, 1997) and IQ scores (Duncan et al., 1995; Katsiyannis & Archwamety, 

1997).  Studies examining mental health and behavioral correlates of future offending 

have identified the presence of conduct problems (Duncan et al., 1995; Myner et al., 

1998; Wierson & Forehand, 1995), early childhood misbehavior (Farrington, 1986; 

White et al., 1990), non-severe pathology (Duncan et al., 1995; Jung & Rawana, 1999; 

Wierson & Forehand, 1995), and mental health issues, generally (Pullmann et al., 2006).  

Substance abuse has also been found to increase the likelihood of recidivism among 

juveniles (Duncan et al., 1995; Elliott et al., 1985; Katsiyannis & Archwamety, 1997; 

Myner et al., 1998; Stoolmiller & Blechman, 2005; Wierson & Forehand, 1995). 

 Demographic predictors of juvenile recidivism include the race of offenders 

(Grunwald et al., in press; Katsiyannis & Archwamety, 1997; Minor et al., 1997; Myner 

et al., 1998), with one study concluding the relationship varies by type of recidivism 

(Grunwald et al., in press).  Grunwald et al. (in press) found that White juveniles are less 

likely than non-Whites to reoffend through the commission of a drug offense, but more 

likely than non-Whites to reoffend through a property offense.  In contrast, Hispanic 

juvenile offenders are more likely to reoffend through the commission of a drug offense 

and less likely by committing a person crime.  Additionally, current age is positively 

correlated with juvenile recidivism, indicating that older juveniles are more likely to 
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recidivate than are younger offenders (Snyder & Sickmund, 2006).  Almost all studies 

conclude that male juvenile re-offending rates are higher than are female rates (Hoge et 

al., 1996; Minor et al., 1997).  Finally, socioeconomic status of juveniles has been shown 

to be negatively related to juvenile recidivism (Dembo et al., 1998; Myner et al., 1998). 

 Orlando et al. (2003: 339) note that “Relatively few studies of adolescents 

examine factors associated with treatment program attrition…”  While not as developed 

as that of the correlates of juvenile recidivism reviewed above, the juvenile treatment 

non-completion literature suggests that many of the processes that effect juvenile 

recidivism exert a similar influence on juvenile program non-completion.  Much of the 

work on the correlates of program non-completion involves the analysis of adult 

offenders, but enough research on the juvenile predictors of program non-completion 

exists to highlight predictors that are of interest.   

 The majority of research on individual-level effects of program non-completion 

has been conducted on subgroups of offenders; specifically: alcohol and substance 

abusers, children with mental health needs, and sex offenders.  Research on factors 

associated with sex offender treatment non-completion in adults concludes that marital 

status is one of the only demographic predictors that has been consistently identified to 

significantly affect the likelihood that adults will complete sex offender treatment 

programs (Beyko & Wong, 2005).  Criminal history is an important predictor of 

treatment non-completion, as more serious sexual offenders, such as those who have 

committed rape, have a higher non-completion rate than less serious sexual offenders 

(Beyko & Wong, 2005; Moore et al., 1999).  Dimensions of non-sexual criminogenic 

needs, including aggression and rule-violating behaviors, and responsivity factors such as 



 
 

19

lack of motivation and denial, have also been found to increase rates of non-completion 

in adult sexual offenders (Beyko & Wong, 2005).  Studies of juvenile sex offender 

program non-completion have similarly concluded that higher levels of client denial 

(denial that they have a problem) is a major predictor of treatment noncompliance 

(Hunter & Figueredo, 1999). 

 Research on non-completion of mental health treatment has identified several 

dimensions of factors associated with dropping out of such programs by juveniles.  They 

have found that non-completion of psychotherapy is related to juveniles from non-White, 

disadvantaged, and single-parent households (Armbruster & Fallon, 1994; Dakof et al., 

2001; Kazdin & Mazurick, 1994).  Family-related factors have also been identified as 

having a significant influence on the likelihood that juveniles complete mental health 

treatment.  Juveniles with parents suffering from mental health disorders, for example, 

are less likely to complete treatment themselves (Kazdin, 1990; Kazdin & Mazurick, 

1994). 

 Studies of treatment non-completion have clearly given the most attention to drug 

offenders, with these works consistently finding that the effects of unemployment, drug 

usage, criminality, and psychiatric problems all serve to increase the likelihood that 

offenders will fail to complete drug treatment programs (Boyle et al., 2000; Hepburn, 

2005; Hiller et al., 1999; Lang & Belenko, 2000; Mateyoke-Scrivner et al., 2004).   Race 

and ethnicity effects have been consistently identified, indicating that minorities are less 

likely to complete treatment than are Whites (Jacobson et al., 2006, 2007; Mertens & 

Weisner, 2000).  Regarding racial differences in substance abuse treatment, Jacobson et 

al. (2006) concluded that economic factors such as unemployment and homelessness are 
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at least partially responsible for the finding that Whites complete treatment at a higher 

rate than do Blacks.  Few studies have identified significant demographic predictors of 

drug treatment completion such as gender and age (Chou et al., 1998; McCaul et al., 

2001).   

Similar research on juvenile drug treatment non-completion largely supports the 

findings from studies of adult sex offenders, in that the readiness and perceptions of 

juveniles to participate are of the utmost importance in the prediction of drug offender 

program completion for juveniles.  Dakof et al. (2001) identified parental expectations 

and adolescent educational attainment as factors that are positively correlated with drug 

treatment engagement.  Orlando et al. (2003) concluded that juvenile motivation and 

substance abuse severity are strong predictors of juvenile drug treatment completion. 

 Studies of non-coerced juvenile populations highlight varying results regarding 

treatment non-completion.  Weisman and Gottfredson (2001) found that days absent from 

school, number of peer drug models, and higher scores on a risk scale are positively 

related to dropping out of after school programs.  In a study of juveniles randomly 

assigned to receive various services after entering the juvenile justice system, Carney and 

Buttell (2003) were only able to identify a few variables that could distinguish service 

recipients from non-recipients, including age, having run away from home, and 

involvement in the mental health system.  This prompted them to conclude that:  

“With few exceptions, the findings of this study failed to provide 

empirical support for the hypothesis that different demographic variables, 

delinquent/criminal behavior variables, family system variables, and 
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juvenile court system variables could distinguish service recipients and 

non-recipients from one another” (Carney & Buttell, 2003: 75). 

Clearly, the individual-level predictors of juvenile treatment non-completion vary 

by both offender and treatment type.  There is currently little work that identifies the 

spatial predictors of greatest interest for studies of treatment non-completion.  The robust 

dataset examined in this analysis will allow for the current study to control for predictors 

from the aforementioned dimensions of identified correlates of juvenile recidivism and 

program non-completion.  This will enable the effects of distance to be estimated net of 

the many individual-level traits that have been shown to influence the likelihood that 

juveniles fail to complete their program and subsequently re-offend.  If significant 

distance-effects persist while controlling for a multitude of juvenile characteristics, the 

importance of the identified effects will be strengthened.  

Program-Level Correlates 
 
 There are many characteristics and components of juvenile offender treatment 

programs that impact the success of these programs to reduce rates of reoffending.  It is 

imperative to control for these potential program-level effects in order to accurately 

estimate the effects of distance to treatment for juvenile offenders.  The following review 

of program-level correlates of juvenile recidivism will serve to inform this analysis so 

that relevant program-level predictors can be controlled for in this study. 

Juvenile offender treatment has reemerged in recent years after a relative 

moratorium on rehabilitative treatment.  This sea change in criminal justice policy is 

largely attributed to a report by Robert Martinson (1974) that reviewed the effectiveness 

of prisons to rehabilitate its inmates.  Based in part on an earlier review of 231 
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evaluations of prison rehabilitation that had already been conducted, but would not be 

published until a year later (Lipton et al., 1975), Martinson’s (1974: 25) report concluded 

that “with few and isolated exceptions, the rehabilitative efforts that have been reported 

so far have had no appreciable effect on recidivism.”  Although there were several 

limitations in the evaluations performed by Martinson and his colleagues, his “What 

works?” report was soon referred to as “Nothing works.”  This allowed opponents of 

rehabilitation to seize the moment and polarize a public that had been disillusioned with 

rising crime in America, and ultimately persuade policy-makers to adopt much more 

punitive practices.   

 Times have changed.  Cullen (2005: 3) states that “Now, almost three decades 

later, the wind has begun to shift – gently in some places but substantially in others. 

Rehabilitation is making a comeback.”  In particular, he cites work by Lipsey as evidence 

of not only the effectiveness of juvenile offender treatment, but also of the identification 

of specific components of successful treatment (Landenberger & Lipsey, 2005; Lipsey, 

1992, 1992, 1995, 1999, 1999; Lipsey & Wilson, 1998; Wilson et al., 2003).  Lipsey 

(1992: 143) suggests that “Researchers in delinquency and rehabilitation should put 

arguments about whether delinquency treatment works to rest and move on to the more 

interesting and challenging questions of what works best, when, and why.”  Moving on to 

those questions, Lipsey and others have identified several components of juvenile 

treatment programs that have had a significant impact on client re-offending.   The effect 

size of successful juvenile offender treatment on outcomes such as recidivism varies by 

study, but the overall conclusion remains that the effect of treatment generally reduces 

recidivism by about ten percent (Lipsey, 1995), while the most effective programs can 
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reduce recidivism by up to thirty percent (Lipsey, 1999).  To summarize the findings of 

this research, treatment does make a difference, and the successful implementation of 

treatment can have an even greater impact on the reduction of juvenile reoffending. 

 The issue of coercive versus non-coercive treatment must be mentioned at this 

point.  Coercive offender treatment refers to treatment that is mandated, generally by the 

court system.  Punishment typically results if the treatment is not completed.  The 

literature in this area has been largely mixed, although a recent meta-analysis of 129 

studies by Parhar et al. (2008) suggests that the effects of coercion on treatment appear to 

differ by treatment type.  They conclude that voluntary treatment has stronger effect sizes 

than coercive treatment, but that weak or nonexistent effect sizes for coercive treatment 

are often associated with custodial treatment.  This suggests that coercive treatment is 

more effective in non-custodial settings.  Considering the non-custodial treatment settings 

of the juveniles in the study population, this is a relevant finding for the current study.  

The results of this meta-analysis do little to change the inconsistent state of the literature 

on coercive treatment, but at the very least, they do not suggest that the coercive nature of 

the community-based programs attended by juvenile offenders will have a significant 

effect on the results of this analysis. 

 Before discussing the types of services that have been linked to successful 

outcomes, it is important to begin with the largely intuitive finding that the quality and 

implementation of treatment programs are of the utmost importance.  This conclusion has 

been drawn by researchers examining various types of correctional programs (Andrews, 

2006; Andrews et al., 1990; Gendreau, 1996; Jones, 2006; Lowenkamp et al., 2006; 

Palmer, 1991; Welsh, 2006).  Particularly relevant to this study is the work of researchers 
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that have replicated those findings in studies of treatment programs for juvenile 

offenders.  At the most basic level of juvenile offender treatment development, programs 

based on a theory or conceptual model have been found to be as much as five times more 

effective than programs not structured around a theoretical framework (Izzo & Ross, 

1990).  Programs that are fully implemented have been found to be much more effective 

in reducing re-offending amongst juveniles (Lipsey, 1995, 1999).  Similarly, the degree 

to which researchers are “involved in the design, delivery, and supervision of treatment” 

is also one of the strongest predictors of the effect size of juvenile offender treatment 

programs (Lipsey, 1999: 615).  The structure of offender treatment is also an important 

factor in the rehabilitation of juveniles, with program duration having been found to be 

positively associated with the effect size of treatment.  This indicates that longer 

programs typically garner better outcomes (Lipsey, 1999, 1999). 

 The literature identifies several components of successful juvenile treatment.  A 

meta-analysis by Garrett (1985) specified three dimensions of successful treatment: social 

learning approaches, cognitive approaches, and family therapy.  Guerra et al. (2008) 

contend that there currently exists only three types of proven treatment programs for 

delinquent youth: multi-systemic family therapy, functional family therapy, and 

multidimensional treatment foster care.  The common thread among these program 

modalities is the presence of the family in the treatment of juvenile offenders.  

Several researchers have identified the effectiveness of counseling when treating 

serious offenders (Lipsey, 1992; Guerra et al., 2008; Lipsey, 1995).  Programs offering 

individual counseling have specifically been identified as effective in reducing the future 

criminality of juvenile offenders, although some research has concluded that individual 
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counseling exerts a strong effect only for serious and violent juvenile offenders (Lipsey, 

1992, 1995).  Cognitive-behavioral treatment has frequently been found to be an effective 

component in reducing re-offending among juvenile offenders in treatment (Guerra et al., 

2008; Lipsey & Landenberger, 2006; Lipsey et al., 2001; Izzo & Ross, 1990; 

Landenberger & Lipsey, 2005; Lipsey, 1992, 1992, 1995; Robertson, 2000).  These 

studies leave no doubt as to the effectiveness of several types of behavioral-related 

treatment for juvenile offenders. 

Relatively little work has examined the effects of program-level attributes of 

treatment non-completion.  A study of juvenile probationers in residential treatment 

identified several program-level factors that were found to influence treatment 

completion (Orlando et al., 2003).  Protective treatment factors include juvenile feelings 

of safety and the receipt of treatment services that exceed the perceived amount of 

services needed.  Conversely, the perceived receipt of an inadequate amount of services 

and higher perceived resident support were found to decrease the likelihood of program 

completion (Orlando et al., 2003).  Clearly, this is an area of inquiry that demands more 

effort. 

Neighborhood-Level Correlates 
 
 Few researchers have examined the impact of geography on juvenile or adult 

recidivism (Sampson et al., 2002).  Only in the last few years have researchers begun to 

question whether community context influences the likelihood of re-offending, and much 

of the published research focuses only on adult offenders.  A study by Kubrin and 

Stewart (2006) found that offenders returning to disadvantaged communities are more 

likely to recidivate than those returning to more affluent communities.  Mears et al. 
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(2008) similarly concluded that county-level social ecology indicators of resource 

deprivation and racial segregation significantly influence adult recidivism in the 

hypothesized manner, albeit in different ways for different populations of offenders. 

 A prior study that investigated the same dataset of juvenile offenders in 

Philadelphia that the current study analyzes, found that disadvantaged areas (defined by 

zip code) act to increase the likelihood that juvenile offenders will become chronic 

offenders (Jones et al., 2001).  This effect, however, was found to be much stronger for 

high-risk offenders than for low-risk offenders.  The researchers hypothesized that high-

risk juvenile offenders were much more susceptible to the lack of formal and informal 

organizations within disadvantaged areas that can serve to support and prevent juvenile 

offenders from becoming chronic offenders.  Although the work of Jones et al. (2001) 

used zip codes as a proxy for neighborhoods and did not specifically examine recidivism, 

their findings support the belief that community context influences future juvenile 

offending. 

 There are three known studies of the spatial correlates of juvenile recidivism. 

Simmons (2001) found that community-level measures of caregiver monitoring have a 

significant and negative relationship with juvenile recidivism - low levels of caregiver 

monitoring as reported by a community specialist increase the likelihood that juveniles in 

that community will recidivate.  LeBaron (2002) found that several variables representing 

community disadvantage exert a significant influence on juvenile recidivism.  Grunwald 

et al. (in press) concluded that neighborhood disadvantage is positively correlated with 

juvenile drug recidivism.  These three studies indicate that juvenile recidivism is indeed 

influenced by spatial processes and have subsequently prompted the current analysis to 
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examine the relationship of other geographically-oriented variables on juvenile 

recidivism. 

 Even fewer studies have inquired about the neighborhood-level effects on 

program non-completion, involving juveniles or adults.  Jacobson et al. (2007) found that 

neighborhood disadvantage is independently associated with alcohol treatment 

completion in adults.   Another study by Jacobson (2006) concluded that nearly twenty 

percent of individuals attending drug abuse treatment travel to facilities that are in 

neighborhoods characterized by higher levels of disadvantage than their own.  Although 

Jacobsen’s study does not examine the effects of this travel on treatment non-completion, 

it does suggest how regular migration into disadvantaged neighborhoods for treatment 

could reduce the likelihood of program completion.  In the same vein, Stahler et al. 

(2007) identified several neighborhood-level correlates of outpatient treatment 

completion in individuals diagnosed with co-morbid mental health and substance abuse 

disorders.  Living within neighborhoods with transitional and low income housing was 

found to increase the likelihood of treatment completion.  Conversely, living in 

neighborhoods with high densities of Alcoholics Anonymous and/or Narcotics 

Anonymous meetings and in close proximity to two or more alcohol sales outlets 

decreases the likelihood of program completion (Stahler et al., 2007).  Looking at 

juveniles specifically, Weisman and Gottfredson (2001) found that children living in 

communities with higher levels of social disorganization are more likely to drop out of 

after school programs. 

   Distance effects have been estimated for both substance abuse (Jacobson et al., 

2007; Beardsley et al., 2003; Fortney et al., 1995; Stark, 1992; Verinis, 1986) and mental 



 
 

28

health treatment (Schmitt et al., 2003; Fortney et al., 1999).  Both sets of studies have 

concluded that treatment attendance decreases as distance to facility increases.  This type 

of research is closely related to the current study and suggests that significant distance 

effects may be discovered when looking at the influence of distance on juvenile offender 

treatment non-completion and recidivism.   

 Researchers are well aware of the need for more work to uncover the full effects 

of space on program completion.  In response to Jacobson’s (2006) study mentioned 

above, Putnam (2006) wrote an editorial note entitled “Where is the ‘Where’ in 

Considerations of Treatment for Substance Abuse?”, in which she calls for future 

research to continue to look for geographic factors that could influence the rate at which 

clients complete treatment.  An earlier publication by Jacobson (2004) is even more 

explicit in the need for researchers to question the spatial effects of program non-

completion.  In the article, Jacobson (2004) puts forth his concept of “treatment ecology”,  

which serves to couch the contextual effects of program completion in several theoretical 

frameworks.  He argues that theories to explain the influences of spatial predictors on 

program completion are currently underdeveloped. 

 As has been illustrated, the study of spatial effects of juvenile non-completion and 

recidivism is still in its relative infancy, but researchers have clearly taken note of the 

influence that space may have on these outcomes.  The examination of the effects of 

distance on these outcomes, therefore, can likely add a great deal to the existing 

literature.  The review of the studies mentioned above serve to not only suggest the 

consideration of distance effects but also to inform the current analysis concerning the 

predictors that should be controlled for in this analysis.  Although this voluminous 
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literature has identified many predictors of juvenile recidivism and treatment non-

completion, this analysis will build upon earlier studies to enhance the current 

understanding of how distance influences juvenile justice outcomes. 

Spatial Distance 
 

In Criminology 
 
 Environmental criminology posits that crime, as with most activities, is most 

likely to take place in areas with which offenders are familiar (Brantingham & 

Brantingham, 1984, 1991, 1991, 1993; Rossmo, 2000).  This is supported by the “journey 

to crime” literature that identifies a pattern of spatial offending represented by a distance 

decay function.  Distance decay, in relation to criminal offending, specifies that the 

number of offenses committed by offenders decreases as the distance from their home 

increases (Phillips, 1980; Rengert et al., 1999; Rossmo, 2000; Van Koppen & Keijser, 

1997).  Distance decay effects have been found to apply to nearly all offense types, with 

few exceptions (Phillips, 1980; Rossmo, 2000).  The strength of this function has also 

been found to vary by offense type (Rossmo, 2000; Van Koppen & Jansen, 1998; Van 

Koppen & Keijser, 1997).  Offenses that require more planning, for example, typically 

result in a weaker effect exerted by distance, as offenders are more willing to travel 

beyond their homes (Capone & Nichols Jr., 1976; Van Koppen & Jansen, 1998; Van 

Koppen & Keijser, 1997).  Thinking specifically about crime type, violent offenders have 

been found to operate closer to their homes than do those that commit property offenses 

(Baldwin & Bottoms, 1976; Gabor & Gottheil, 1984; Rossmo, 2000).  The number of 

offenders per crime has also been found to impact the distance travelled by offenders, 
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with co-offenders travelling shorter distances than solo offenders (Wiles & Costello, 

2000). 

 Several demographic characteristics of offenders have been identified as exerting 

a significant influence on the distance that they will travel to commit crime. In a study of 

burglary, Rengert (1975) found that female offenders typically travel shorter distances 

than do males, although similar gender effects have not been widely replicated (Wiles & 

Costello, 2000).  Racial effects in burglary studies have been identified as well, with 

research showing that White burglars travel farther distances than do Blacks (Nichols, 

1980).  Specifically, White burglars have been found to travel, on average, nearly three 

times the distance that Blacks did.  On the whole, research has concluded that Blacks 

travel shorter distances to commit offenses, than do Whites (Carter & Hill, 1979; Phillips, 

1980; Rand, 1986).  A study of distance decay that examined juvenile offenders largely 

supports these findings.  Phillips (1980) found that White offenders traveled longer 

distances than did Blacks, and offenders committing assault traveled shorter distances 

than those committing property crimes.  Interestingly, female juvenile offenders were 

found to travel greater distances than male juvenile offenders, but this may be at least 

partially due to the small sample size of female juvenile offenders in the study (Phillips, 

1980). 

From the perspective of this study, the most pertinent finding of this literature is 

the fact that younger offenders are more acutely impacted by distance (Baldwin & 

Bottoms, 1976; Gabor & Gottheil, 1984; Rossmo, 2000; Turner, 1969; Warren et al., 

1995).  Juveniles tend to remain closer to their homes when they offend.  Phillips’ 

research (1980) found that this age effect is present within adolescents as well: older 
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juveniles travel farther distances to commit crime than do younger juveniles.  

Specifically, sixteen and seventeen year-old offenders, on average, traveled distances that 

were nearly fifty percent greater than those traveled by twelve and thirteen year-olds 

(Phillips, 1980: 175).  These findings suggest that distance effects are more likely to be 

present for the younger juveniles analyzed in the current study. 

 The journey to crime literature also describes vector events, which trace the 

movement between the homes of offenders and the location of crime events (Costanzo, 

Halperin and Gale 1986; Lenz 1986).  Such studies include two points of interest and can 

be represented by a line between them, resulting in a vector.  Other works have included 

the homes of victims when examining the spatial distribution of points related to crime.  

In these examples, crime goes from a two-point, vector event to a three-point triangle 

event referred to as a “mobility triangle.”  The concept of mobility triangles originated in 

research of juvenile co-offenders and the locations of their crimes (Burgess, 1925; Lind, 

1930).   It was Normandeau (1968) who introduced the journey of victims as the third 

component of mobility triangles in a study that observed that the location of the offender, 

victim, and event in robberies most often occurred in different census tracts.  Conversely, 

a later study of mobility triangles in rape offenses found that the majority of triangles 

possessed points that occurred in the same neighborhood, suggesting that the locations of 

offenders, victims, and crimes are situated more closely together for violent crimes than 

for property crimes (Amir, 1971).  Such an inference was supported by the work of Rand 

(1986), who compared the mobility triangles of several types of offenses to conclude that 

the triangle points of property crimes are often in separate neighborhoods, while the 

corresponding points of violent offenses are most often within the same areas.  Recent 
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studies of homicide mobility triangles employed more advanced statistical techniques to 

allow not only for higher levels of statistical power but also the estimation of the effects 

of multiple sets of predictors (Groff & McEwen, 2007; McConnell, 2008; Tita & 

Griffiths, 2005).  Although the effects of demographic variables such as race and gender 

on homicide mobility triangles were largely supported by the prior literature, they found 

that event characteristics (e.g. use of firearm, relationship between victim and offender) 

were stronger predictors of the type of triangles for each offense. 

 There are two prominent theoretical explanations used to support the distance 

decay function identified in the journey to crime and mobility triangle literature, which 

also serve as the theoretical frameworks for the current research (Van Koppen & Keijser, 

1997).  The first, rational choice theory, posits that offenders do not wish to travel far 

from their homes to commit an offense due to concerns related to “time, money, and 

energy to overcome distance” (Van Koppen & Keijser, 1997: 506).  Many potential 

offenders, as a result, think about the costs associated with traveling to commit an offense 

and subsequently decide to offend close to their homes (Baldwin & Bottoms, 1976; 

Turner, 1969; Van Koppen & Keijser, 1997).  The second, crime pattern theory, adds a 

spatial component in the theorized decision-making process of offenders to assert that 

offenders are generally unwilling to travel out of their activity space into areas in which 

they are unfamiliar, resulting in a distance-decay function that observes an exponential 

decrease in crime as one travels from their home (Rengert, 1989; Van Koppen & Keijser, 

1997).  Awareness space refers to the physical area that individuals are familiar with, 

based on their travels and perceptions.  It is activity space that the current work will 

reference to support the hypotheses that this research will examine. 
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In Healthcare 
 
 The field of healthcare, and specifically health geography, is unquestionably 

further along in understanding the effects of distance on service utilization when 

compared to criminology.  Health geography has long recognized the effects of distance 

that manifests in the form of a distance decay function (Gatrell, 2002; Joseph & Phillips, 

1984; Meade et al., 1988).  More than 150 years ago, Edward Jarvis (1851/1852: 344), in 

his study of the effects of distance on the occurrence of lunacy in the United States, 

concluded that “The people in the vicinity of lunatic hospitals send more patients to them 

than those at a greater distance.”  This finding is now referred to as Jarvis’ Law, and has 

served to spur the work of countless researchers who have questioned how space 

influences healthcare utilization.  As a result, there is a vast literature of the effects of 

distance to medical care that examines different types of medical care, in different 

locations, and that includes many different measures of distance to ask: How does 

distance affect the manner in which individuals seek medical treatment?  Surveying this 

literature will serve to identify measures, methodologies, and effects that could prove to 

be instructive for the current analysis. 

 The effects of distance on healthcare outcomes have been studied in locations all 

over the world.  Distance has been found to impede the utilization of healthcare in the 

United States (Arcury et al., 2005; Beardsley et al., 2003; Burgess & DeFiore, 1994; 

Goodman et al., 1997; Nattinger et al., 2001; Nemet & Bailey, 2000; Onega et al., 2008; 

Schmitt et al., 2003; Schroen et al., 2005; Whetten et al., 2006), England (Jordan et al., 

2004; Bentham & Haynes, 1985), Canada (Lin et al., 2002), and many other locations 

(Muller et al., 1998; Perry & Gesler, 2000).   
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Synonymous with the journey to crime literature, a distance decay effect has been 

found to effect the utilization of health care.  The phenomenon of individuals seeking less 

care due to distance has manifested itself in emergency medicine (Magnusson, 1980), 

dental care (Joseph & Poyner, 1981; Shannon et al., 1973), cancer treatment (Celaya et 

al., 2006; Nattinger et al., 2001; Schroen et al., 2005), hospitalization (Lin et al., 2002), 

and primary care (Carr-Hill et al., 1997; Gatrell, 2002; Joseph & Phillips, 1984; Nemet & 

Bailey, 2000).  Thus, distance effects have been identified in nearly all facets of health 

care services.  Few examples of research concerned with the effects of distance on 

healthcare utilization have uncovered weak or contradictory evidence. 

 Further strengthening the findings of this literature are the various ways in which 

distance has been operationalized.  The most basic distance measure in studies of health 

geography is Euclidean distance, or “as the crow flies” distance, which approximates 

distance by creating a straight line from the home of an individual to the location of a 

health care provider (Arcury et al., 2005; Arcury et al., 2005; Jordan et al., 2004; Muller 

et al., 1998)  Frequently, due to data and processing concerns, this distance is 

approximated from the centroid of a larger area, such as a postal code or census tract, in 

which the home of the individual and/or the health provider is located within (Beardsley 

et al., 2003; Schmitt et al., 2003; Schroen et al., 2005).  In order to more closely 

approximate the actual distance traveled by individuals, driving distance has also been 

investigated in studies of distance effects of health care utilization (Stahler et al., 2007; 

Whetten et al., 2006).  The rationale for the inclusion of this measure being that 

individuals cannot actually traverse the Euclidean distance between their home and the 

location of healthcare services, but rather drive on roads to get to their destination.  Yet 
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another measure of distance to health treatment is represented by the time it takes to 

complete a journey.  Time has been used to operationalize distance to treatment by 

calculating drive-time (Jordan et al., 2004; Christie & Fone, 2003; Whetten et al., 2006) 

and by asking individuals to record or recall the amount of time spent on a specific trip 

(Nemet & Bailey, 2000; Probst et al., 2007).  Consistent with all methods of distance 

measurement is the finding that health care utilization decreases as distance to treatment 

increases, with very few exceptions. 

 With the array of distance measures described above, researchers have 

investigated the accuracy of these measures and the correlations between said measures.  

It is imperative to use the most accurate and precise method(s) by which to operationalize 

distance when conducting a study that purports to estimate the effects of distance.  There 

does not, however, appear to be a method that has emerged as the most appropriate, with 

Fone et al. (2006: 17) noting that, “The relative advantages and limitations of these 

different approaches have been reviewed, but no consensus approach has emerged.”  

Much of this research has found that there is a correlation between the various ways in 

which distance is measured, while some studies have even identified measures that are 

more appropriate in specific locales.   

A significant correlation between measures of Cartesian distance (Euclidean and 

Manhattan) and network distance (travel distance and time based on modeled travel using 

various modes of transportation) has been observed in several studies of distance effects 

(Jordan et al., 2004; Martin et al., 2002; Fone et al., 2006; Haynes et al., 2006; Phibbs & 

Luft, 1995).  It would seem intuitive to expect that distance modeled spatially or 

temporally would provide a more accurate representation of the costs of travel when 
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compared to the relatively simple measure of Euclidean distance, but Haynes et al. (2006: 

47) conclude that “We found no evidence, however, that GIS estimates were better than 

straight line distance in representing the variations in journey times reported by patients.”  

This is not to say that differences in the accuracy of distance measures have not been 

found, as the increased utility of network distance measures in several studies has been 

shown to provide a more accurate representation of distance (Braybn & Skelly, 2002; 

Martin et al., 1998), but this finding is largely attributed to differences between urban and 

nonurban areas.  Specifically, research has shown that Cartesian and network distance 

measures are much more comparable in urban settings, whereas network distance 

measures become more accurate when examining distance effects in suburban and rural 

areas (Apparicio et al., 2008; Jordan et al., 2004; Fone et al., 2006).  This is an important 

and relevant finding, as this research is concerned only with juvenile offenders living and 

traveling within the urban region represented by Philadelphia.  This suggests that 

calculated distance measures should be similarly accurate. 

Research in health geography has looked beyond measures of Cartesian and 

network distance to attempt to determine the most accurate methods of distance 

modeling.  One such way is to measure perceived distance, or the time respondents 

indicate it took to arrive at a destination.  This measure can then be compared to the more 

traditional distance measures of Euclidean distance and various network modeled 

measures.  Fone et al. (2006) found that perceptions of accessibility to healthcare are 

correlated with measures such as Euclidean, drive time, and road network distance.  The 

accuracy of perception-based distance measures has been found to only deviate when 

comparing the perceptions of individuals in households without access to a vehicle, as 



 
 

37

drive-time and modeled street networks no longer approximate the routes that these 

individuals traverse when traveling to a health care facility (Fone et al., 2006). 

This finding highlights the importance of accounting for public transportation 

when determining the true distance between individuals and the locations they wish to 

travel.  Jordan et al. (2004: 26) make the claim that, “It could be argued that a measure of 

travel by public transport is vital in determining accessibility for the most disadvantaged 

populations,” and later, “Better measures of access, which integrate private and public 

transport, are required to reflect the experience of those on low incomes, and without 

their own transport.”  Clearly, modeling travel is an important objective of researchers, 

and even more so in studies of large urban areas in which rates of public transportation 

utilization is highest.  Several studies in health geography have included public 

transportation (Lovett et al., 2002; Martin et al., 2002) in their estimations of distance and 

access to health care, but it is clear that additional research is needed in order to more 

fully understand how taking a bus, trolley, subway, and/or a train influences the travel of 

individuals.  This is especially important in a large urban area such as Philadelphia where 

a large proportion of individuals are likely to use public transportation when traveling 

within the city limits, as is the case with the juvenile offenders examined in this study. 

In Education 
  

The literature describing the spatial correlates of educational enrollment is not as 

developed as the corresponding literature in the field of health geography, but it also 

provides valuable insight for the current study regarding the expected effects of distance 

on travel to facilities.  These studies have investigated spatial effects on several outcomes 

such as educational attainment and the initial decision to seek educational services.  As 
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with the effects of distance on health-related outcomes, the influence of space on 

education has been researched both in the United States (Goldring & Hausman, 1999; 

Schafer & Hori, 2006; Schlossberg et al., 2005; Talen, 2001) and abroad (Frenette, 2004; 

Sa et al., 2006, 2004; Frenette, 2006; Glewwe & Jacoby, 1992; Holmes, 2003).  This 

body of literature has estimated the effects of distance on various education-related 

outcomes such as how individuals travel to school (Schlossberg et al., 2005), the type of 

school they attend (Goldring & Hausman, 1999), test scores (Talen, 2001), number of 

years attended (Glewwe & Jacoby, 1992; Schafer & Hori, 2006; Holmes, 2003), and 

likelihood of college and university enrollment (Frenette, 2004; Leppel, 1993; 

Ordovensky, 1995; Sa et al., 2006, 2004; Frenette, 2006).  These studies have concluded 

that many education-related outcomes are influenced by space, with several finding that 

distance from home to school location is a critical component of educational attainment.  

These findings mirror those in the fields of criminology and health geography that have 

identified a significant negative relationship between distance and the utilization of 

specific services.  The most relevant collection of these studies examined the effects of 

distance and accessibility to post-secondary education on high school students in the 

United States (Leppel, 1993), Canada (Frenette, 2004, 2006), and the Netherlands (Sa et 

al., 2004, 2006), concluding that students are less likely to receive a post-secondary 

education as the distance to higher education increases, net of the financial effects that 

are likely to be of most concern to potential college and university students.   

When compared to the analogous literature in health geography, the effects of 

space on education-related outcomes have not been examined with the same vigor or 

precision.  The bulk of this research has primarily operationalized distance through the 
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use of Cartesian measures that do not account for public transportation or street network 

measures.  This literature is nonetheless valuable in again confirming the impact of space 

on the ability and willingness of individuals to seek out what should be a desired and in 

some cases, required, service.  It further supports the utility of this research and again 

suggests that distance will be found to influence treatment non-completion and 

recidivism in the current study. 

Social Distance and Cognitive Mapping  
  

This section describes research that has examined how perceptions and beliefs 

shape the ways in which individuals view their physical environment.  Considerations of 

social distance have persisted in urban social geography for nearly a century (Bogardus, 

1925; Park, 1924).  Defined by Park (1924: 339) as “the grades and degrees of 

understanding and intimacy which characterize personal and social relations generally,” 

social distance represents the relative closeness that individuals feel for others based on 

discernable characteristics.  Often based on perceptions of race and class differences, 

individuals who perceive a greater social distance between others are less likely to 

interact with those individuals or travel into space occupied by such individuals. 

Recent studies in criminology have operationalized social distance in the form of 

social barriers (De Poot et al., 2005; Rengert et al., in press; Reynald et al., 2008).  Social 

barriers are typically based on “two salient aspects of population composition: ethnicity 

and affluence,” and act to restrict potential offenders from traveling beyond their own 

social barriers and into other communities (Reynald et al., 2008: 21).  These studies 

suggest that potential offenders are very much aware of the social barriers that surround 

communities.  Few studies, however, have examined the impact that social barriers have 
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on the spatial distribution of offending (Rengert, 2004).  This dearth of literature should 

make the inclusion of indicators representing perceptions of space to be provided by this 

analysis a valuable addition to the literature.   

The work of Reynald et al. (2008) and De Poot et al. (2005) concluded that 

offenders are cognizant of and hesitant to pass through social barriers to commit crime.  

Specifically, these studies examined social barriers based on racial and economic 

differences between offenders and the locations of their offenses.  Looking solely at 

illegal drug sales, Rengert et al. (in press) similarly found that offenders are less likely to 

sell drugs in areas that require them to travel through social barriers based on race.  In 

sum, these studies support the notion that offenders are aware of the composition of 

communities, are cognizant of the borders between distinct communities, and prefer to 

offend within areas that contain residents similar in race and economic status to 

themselves. 

Awareness of social distance and barriers are not the only ways in which 

offenders can perceive space differently.  All individuals, including offenders, have been 

found to perceive space differently based on their own cognitions; a phenomenon which 

often does not perfectly coincide with physical space.  Coined by Tolman (1948) more 

than sixty years ago, the term cognitive map refers to the perceptions and memories that 

influence the manner in which individuals travel through space.  Since then, researchers 

have been aware of the impact of personal knowledge of space on spatial perception 

(Briggs, 2005; Golledge, 1987; Golledge & Spector, 1978; Webber, 1964).  As Golledge 

and Garling (2004: 501) point out, rather than creating a map before every trip, “humans 

travel by virtue of the knowledge stored in their long-term memory or cognitive map.”  
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This personal knowledge is the basis for the cognitive maps that individuals possess, 

further defined by Golledge and Garling (2004: 502) as, “the conceptual manifestations 

of place-based experience and reasoning that allow one to determine where one is at any 

moment and what place-related objects occur in that vicinity or in the surrounding 

space.”  Put more simply, “cognitive maps are internal structures in our memories that 

express the spatial information we have learned” (Lloyd, 1997: 57)   Essentially, people 

form perceptions of space based on their experiences traveling in and around those areas.  

The resulting perceptions then serve to influence the travel patterns of those individuals.   

As a result of perceptions, cognitive maps can differ from physical maps due to 

the nature of the personal experiences within these areas (Golledge, 1987).  Briggs (2005: 

365) explains this dichotomy in saying, “Initially, we must distinguish between objective 

physical space and individual space,” with individual space representing the personal 

cognitions of an individual.  The extent of these differences is referred to as systematic 

distortion and is of the utmost importance in the study of cognitive mapping in order to 

understand the factors that result in the deviation between cognitive and physical maps 

(Lloyd & Heivly, 1987). 

 Flowing from cognitive maps is the concept of cognitive distance.  Researchers 

have long recognized the importance of perceptions of distance when studying space, 

represented by Marble and Bowlby’s (1968: 73) assertion in their study of shopping 

behavior that “questions of the individual perception and scaling of distance in the 

physical space of the city remain of central geographic interest.”  Similarly, Olsson 

(1965: 57) noted the utility of measuring distance through methods that deviated from the 

then-typical physical measure of straight-line distance, in saying that, “arguments have 
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been made for a more flexible way of measuring distances and for a partial abandonment 

of purely physical concepts.”  The vast array of subsequent studies of cognitive distance 

in several academic disciplines, including criminal justice, geography, sociology, and 

many others, and their consistent findings of the importance of cognition on travel 

patterns, supports the importance of research on this topic.  Cognition has been found to 

influence the perception of distance for groups as diverse as college students (Lee, 1970; 

Briggs, 2005), children (Kahl et al., 1984), shoppers (Marble & Bowlby, 1968; 

Thompson, 1963), and tourists (Ankomah et al., 1995; Walmsley & Jenkins, 1992). 

 The characteristics of individuals and neighborhoods have also been shown to 

impact perceptions of distance and spatial cognition.  Individual effects have been 

suggested by several researchers who believe that differences in the accuracy of cognitive 

maps among residents living in the same community is the result of differences in 

mobility and length of residency (Downs & Stea, 1977; Golledge, 1978; Gould, 1975).  

Golledge and Zannaras (1973) found that individuals residing in an area for longer 

periods of time perceived distances more accurately than individuals who were newer to 

an area.  Murray and Spencer (1979) determined that level of mobility affects the ability 

of individuals to create cognitive maps.  Regarding neighborhood-level effects, Mattson 

and Rengert (1995) found that residents perceive distances within dangerous 

neighborhoods as longer than they perceive distances within neighborhoods thought to be 

safer.  A similar study by Rengert and Pelfrey (1997) concluded that the ethnic 

composition of neighborhoods influences the perceived level of safety within 

neighborhoods, and even more so than direct knowledge of neighborhoods. 
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 Drawing from this literature, Brantingham and Brantingham (1984) were among 

the first to introduce the concept of cognitive mapping and awareness space into the field 

of criminology.  It was in this early formulation of what would become crime pattern 

theory that they brought together the concepts of cognition and awareness space in their 

claim that it is, “the interaction of the location of potential targets and the perpetrator’s 

awareness or activity space that culminate in particular patterns of crime occurrence” 

(Brantingham & Brantingham, 1984: 362).  As such, individuals are not equally likely to 

offend in every part of an area, but rather, locate offense targets within their more 

familiar awareness space.  Crime pattern theory and awareness space will be discussed in 

more detail in a subsequent portion of this review.   

 In light of the previously reviewed research on journey to crime that identified 

demographic effects on distance traveled to offending, it is not surprising to note the age, 

gender, and sociodemographic effects that have been identified by studies of spatial 

cognition.  Particularly important to this study of juvenile offenders is the finding that 

cognitive awareness has been found to increase with age, when comparing adults with 

children (Everitt & Cadwallader, 1972; Orleans & Schmidt, 1972).  Studies examining 

children have similarly found that spatial cognition increases with age (Allen et al., 1979; 

Cornell et al., 1989; Heth et al., 1997; Kitchin & Blades, 2002; Uttal & Tan, 2002).  

Research on gender effects has also shown that females have more limited cognitive 

maps when compared to men (Everitt & Cadwallader, 1972; Orleans & Schmidt, 1972).  

Further, socioeconomic status impacts cognitive maps, as individuals in disadvantaged 

areas have been shown to have more limited cognitive maps than those in other areas 
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(Orleans, 1973).  Such individuals, presumably, would have smaller awareness spaces 

compared to residents of more affluent communities. 

 These studies make it clear that individuals are influenced by their perceptions of 

space.  These influences often impact the manner in which individuals travel.  Most 

interesting for the current study, the perceptions of individuals have been found to differ 

by age, gender, and socioeconomic status.  This suggests that older juvenile offenders, 

males, and offenders living in more affluent areas are more likely to be influenced by 

their perceptions of space than are their younger, female, and disadvantaged peers.  As a 

result, the proposed analysis will investigate the effects of spatial perceptions in light of 

the expected differing effects of perception by demographic characteristics of juvenile 

offenders. 

Juvenile Co-Offending 
  

The phenomenon of co-offending is well documented in the criminological 

literature.  Defined as the “perpetration of an offence by more than one person” 

(Weerman, 2003: 398), research has concluded that both adult and juvenile offenders 

tend to commit offenses in groups, and often at a higher rate than when offending alone 

(McGloin et al., 2008; Reiss, 1980, 1986, 1988; Reiss & Farrington, 1991; Shaw & 

McKay, 1931, 1942).  Of particular interest to this study is the finding that co-offending 

is more prevalent among juvenile offenders, when compared to adults (Reiss & 

Farrington, 1991; Weerman, 2003; Zimring, 1981).  Taken together, these findings 

strongly suggest that this research would be well-served to account for the propensity of 

juveniles to act in groups. 
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 Researchers have identified several demographic characteristics that influence the 

likelihood that an offender will offend in a group.  Studies of co-offending have 

concluded that females are more likely to offend in groups than are males (Reiss, 1986, 

1988).  The influence of race on co-offending has also been examined, with researchers 

determining that Blacks are more likely to co-offend than White offenders (Felson, 2003; 

Reiss, 1986, 1988).  Differences between solo and co-offenders by offense type have 

been identified, as well.  Co-offending is more prevalent in drug, vandalism, and property 

offenses, compared to serious and violent offenses (Weerman, 2003).  Co-offending is 

also much more likely to include homogenous groups (Daly, 2005; Reiss, 1986, 1988; 

Reiss & Farrington, 1991; Weerman, 2003).  Juveniles tend to co-offend with other 

juveniles (Reiss & Farrington, 1991), males with other males (Warr, 1996), and 

individuals with other members of their racial group (Reiss, 1986).  Conway and McCord 

(2002) determined that juveniles who co-offend for the first time with violent offenders 

are more likely to re-offend with a serious violent crime than are juveniles who co-offend 

with non-violent offenders. 

 Fewer studies have estimated spatial effects on juvenile co-offending, but several 

interesting findings have nonetheless been observed.  As was previously mentioned, 

mobility triangle research was originally interested in the locations of crimes and the 

homes of juvenile co-offenders.  Burgess (1925) noted that of mobility triangles in which 

juvenile co-offenders lived in a different area than the location of their offense, they 

tended to live near the border of those areas, suggesting that co-offenders live near their 

offenses even when they occur in areas that do not contain their homes.  Lind (1930) 

expanded on Burgess’ triangle typologies to determine that, although most juvenile co-
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offenders lived in different neighborhoods, co-offenders in disadvantaged areas are more 

likely to live in the same neighborhood.  This finding represents the earliest evidence of a 

contextual effect on juvenile co-offending.  Subsequent studies have identified an urban 

effect of co-offending that stipulates that co-offending is more common in cities than in 

rural or suburban area (Laub, 1980; Laub & Hindelang, 1981), which strengthens the 

expectation that the urban juveniles offenders in this analysis will act in groups at a 

relatively high rate. 

 Daly (2005) undertook an effort to estimate both individual and situational factors 

of juvenile co-offending in Philadelphia.  The results were largely inconsistent with the 

prior research described above.  Both male and White juveniles were found to be more 

likely to co-offend than females and non-Whites.  The effects of offense type on co-

offending were also counter to earlier findings, as the odds of co-offending by drug 

offenders were shown to be lower than the odds for violent offenders.  Consistent with 

hypothesized effects, juveniles with a history of mental health problems and who had 

siblings with a criminal history were observed to have a higher likelihood of co-

offending.  The most significant finding of Daly’s work (2005), pertaining to this study, 

is that the odds of co-offending among juveniles in Philadelphia were found to be lower 

for those living within disadvantaged neighborhoods.  Because this analysis will examine 

the same dataset of juvenile offenders, the neighborhood effects identified by her work 

can be tested on the likelihood of offenders to stop attending treatment in groups. 

The research described above suggests that juveniles in groups may be more 

likely to fail to complete treatment than are juveniles who travel to programs alone.   On 

the other end of the spectrum, group behavior may be negatively related to program non-
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completion.  Time and distance may become less of a factor during travel if juveniles are 

in a group and entertaining one another.  Furthermore, unfamiliar territory may seem less 

threatening when in a group that can provide the perception of increased safety.  

Although direct data on whether or not juveniles travel together to treatment programs 

does not exist, it is reasonable to believe that individuals attending the same treatment 

program from the same neighborhoods will soon identify one another, and as a result, 

may elect to travel together.  However group membership might influence treatment non-

completion, this analysis will control for group-related effects.  

Activity Space 
 
 The concept of activity space is believed to be the most appropriate framework 

with which to explain the effects of distance on juvenile justice outcomes.  Activity space 

comprises the physical area that individuals are familiar with based on their travels.  

Awareness space builds on the activity space of individuals to include the areas that 

individuals travel through and also perceive.  This conceptualization results in an 

awareness space that represents “the area normally within visual range of the activity 

space” (Brantingham & Brantingham, 2008: 84).  The origins of activity and awareness 

space can be traced back to urban social geography, and specifically, to the work of 

Horton and Reynolds in their formulation of “action space” (Horton & Reynolds, 1971; 

Horton & Reynolds, 1971).  Horton and Reynolds (1971: 37) define action space as “the 

collection of all urban locations about which the individual has information and the 

subjective utility or preference he associates with these locations.”  In their subsequent 

development of crime pattern theory, Brantingham and Brantingham (1984, 1991, 1993) 



 
 

48

expanded on the work of Horton and Reynolds to create the awareness space component 

of their theory. 

 The concept of activity space has been introduced into criminological theory with 

the formulation of crime pattern theory (Brantingham & Brantingham, 1984, 1993, 1991, 

1991).  Crime pattern theory, derived in part from rational choice theory and routine 

activities theory, injects an environmental consideration into the decision-making process 

of offenders by suggesting that they are more likely to offend “in known or near limited 

travel knowledge spaces” (Brantingham & Brantingham, 1993: 10).  Crime pattern theory 

defines two types of space: activity space and awareness space.  Activity space represents 

the spaces in which individuals travel to and through.  Awareness space “builds upon the 

activity space” and represents the area that can be perceived from an individual’s travel in 

their activity space (Brantingham & Brantingham, 1993: 10).  According to crime pattern 

theory, potential offenders are more likely to commit crimes within their activity space 

due to the familiarity they have with that area.  The farther an area is from their home, the 

less likely it will be contained in their activity space.   

It is important to note that all individuals are bound by the space with which they 

are familiar.  This is a vital point to make for the current analysis, as one of the behaviors 

(treatment non-completion) hypothesized to be affected by space is not specifically a 

criminal offense.  As a result, crime pattern theory is not tested in this research.  Rather, 

one of its main components is applied to explain why individuals might fail to complete 

treatment.  While not explicitly tested, a review of the underpinnings of crime pattern 

theory will be helpful in order to understand how knowledge of one’s activity space can 

impact their travel behavior.    
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 Crime pattern theory posits that individuals make rational decisions regarding the 

areas to which they travel, that those decisions are shaped by familiarity with particular 

spaces and, finally, that spaces become familiar to them due to regular activities in the 

lives of individuals.  Subsequent criminal offenses are therefore most likely to occur 

within those familiar spaces.  Crime pattern theory is well suited to explain the spatio-

temporal patterning of offending, as it has deep roots in criminological perspectives such 

as: “rational choice theory, routine activities theory, environmental criminology, strategic 

analysis, life-style theory, crime prevention through environmental design, situational 

crime prevention, hot spot analysis, and opportunity theory” (Brantingham & 

Brantingham, 1991: 284).  Of those frameworks, crime pattern theory has the strongest 

roots in rational choice theory (Clarke & Cornish, 1985; Cornish & Clarke, 1986) and 

routine activity theory (Cohen & Felson, 1979).  Rational choice theory argues that 

offenders consider the pros and cons associated with a potential offense when deciding 

whether, when, and where to offend.  This theory includes the concept of “bounded 

rationality”, rather than the claim that offenders possess complete knowledge, to account 

for the fact that offenders “are generally doing the best they can within the limits of time, 

resources, and information available to them” (Clarke & Cornish, 2001: 25).  Routine 

activity theory postulates that crime is dependent on the convergence in time and space of 

motivated offenders, suitable targets, and a lack of capable guardianship (Cohen & 

Felson, 1979).  Together, rational choice and routine activity theories describe how 

offenders make decisions to offend and how awareness of space acts to determine the 

potential locations for these crimes.  Crime pattern theory’s consideration of rational 
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choice and routine activity theories make it ideal for describing the spatial processes 

involved in juvenile offender treatment non-completion.    

Crime pattern theory, consistent with other space-based theories of crime, is built 

upon the premise that crime is not randomly or uniformly distributed in time or space 

(Brantingham & Brantingham, 2008).  It explains the spatio-temporal distribution of 

criminal offenses by noting the importance of the daily activities of individuals.  Wortley 

and Mazzerolle (2008: 12) succinctly describe the central premise of crime pattern theory 

in stating, “Crime is argued to occur in predictable locations defined by the intersection 

of crime opportunities and an offender’s awareness space.”  Thus, research on crime 

pattern theory must account for the regular travels of individuals and how those travels 

influence the nature of their activity space. 

To further explain the multiple factors that contribute to offending according to 

crime pattern theory, the concept of the environmental backcloth should be introduced.  

Brantingham and Brantingham (1993: 259) describe these factors in saying, “Each 

criminal event is an opportune cross-product of law, offender motivation, and target 

characteristics arrayed on an environmental backcloth at a particular point in space-time.”  

This backcloth is a dynamic construct for each individual that is shaped not only by the 

outside forces that influence an individual’s actions, but also by the routine activities of 

that person.  As a result, the regular travels of a juvenile offender, and the corresponding 

activity and awareness spaces that develop, comprise a large portion of their distinct 

backcloth that acts to push them towards or pull them away from offending, or in this 

case, treatment non-completion.  Although there are many immeasurable components of 
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an individual’s backcloth, a consideration of their activity space provides great insight 

regarding their future actions.  

To identify the predictable locations of crime based on the travel of individuals, 

Brantingham and Brantingham (1993) define features of an individual’s personal 

geography that directly shape the awareness space of those individuals.  They are 

“nodes”, “paths”, and “edges.”  Nodes are the locations that individuals travel between.  

They include the home, place of work, and all other places that individuals regularly 

travel to and are familiar with.  Paths are the routes between nodes that individuals 

traverse and similarly become familiar with.  Edges are the spaces between homogenous 

territories (between residential and commercial land use, or the boundaries of a park that 

lies within a housing development, for example) that are often characterized by high rates 

of crime (Brantingham & Brantingham, 1993).  Individuals are generally less familiar 

with the spaces that fall within edges, nevertheless, crime tends to cluster near these areas 

due to a relative lack of guardianship and place management (Eck, 1994; Eck & 

Weisburd, 1995).  The current analysis is primarily concerned with the nodes and 

pathways that construct the activity space of individuals. 

Brantingham and Brantingham (2008) list a series of eight theoretical rules that 

describe the underlying tenets of crime pattern theory.  Several of these rules are 

particularly relevant to the hypotheses stating that distance will influence treatment non-

completion and recidivism of juvenile offenders.  Rule 5, for example, describes the 

awareness space of individuals that is a principle component in the cognitive distance 

literature.  Rule 6 explains that criminal offenses are most likely to occur near these 

activity spaces.  After describing where criminal offenses are most likely to occur, crime 
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pattern theory elucidates the processes underlying its spatial components.  Rule 4 asserts 

that:  

Individuals or networks of individuals commit crimes when there is a 
triggering event and a process by which an individual can locate a target 
or victim that fits within a crime template.  Criminal actions change the 
bank of accumulated experience and alter future actions (Brantingham & 
Brantingham, 2008: 82). 
 

Rules 4 details the process by which crime events are triggered within the crime 

templates of offenders, typically as a result of the spatio-temporal joining of offenders 

and suitable targets within the activity spaces of individuals.  This study posits that 

treatment non-completion is similarly dependent on a “triggered” decision that takes into 

account familiarity with space.  As such, it is expected that juveniles offenders required 

to attend treatment outside the realm of their activity spaces will likely experience a 

triggering to cease attending the program.  This triggering could be the result of issues 

related to potential increases in cost, time, and fear that are related to program locations 

outside of their activity spaces. 

 In order to more clearly understand the application of awareness space toward an 

explanation of distance effects on juvenile justice outcomes, several figures are shown to 

describe how the components of crime pattern theory contribute to the expectation that 

individuals traveling to treatment locations beyond their awareness space will be less 

likely to complete treatment. 
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Figure 2: Spatial Components of Crime Pattern Theory 

 

 

Figure 2 illustrates the spatial components of crime pattern theory.  Individuals 

move along the routes from their residences toward destinations that can include school, 

work, and recreation-related locations.  The nodes and paths define the activity space that 

represents the areas that they have become familiar with as a result of their travels.   
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Figure 3: Spatial Components of Crime Pattern Theory that Includes a Program Within 
the Activity Space of an Individual 

 

 

The location of an offender’s treatment program is added into Figure 3, 

illustrating how crime pattern theory can be called upon to explain the likelihood of 

juvenile offenders to travel to treatment programs.  Figure 3 includes the location of a 

treatment program within the activity space of a juvenile offender and identifies a 

program that the juvenile in question is more likely to attend, compared to a program 

outside of their previous activity space.  As the program location is situated within the 

activity space of the individual depicted in Figure 3, that individual is more likely to 

travel to the program. 
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Figure 4: Spatial Components of Crime Pattern Theory that Includes a Program Beyond 
the Activity Space of an Individual 

  

Figure 4, in contrast, illustrates a treatment program that is located beyond the 

previous activity space of a juvenile offender.  As a result, the juvenile represented in 

Figure 4 will experience less comfort in this new territory and thus is less likely to 

complete their treatment, relative to the individual described in Figure 3. 

 

Hypotheses 
 
 Distance and time are logical impediments to program participation and 

completion, with the above-reviewed research suggesting that they will impede juveniles 

more so than adults.  Regardless, a review of the relevant literature indicates that few 
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studies have examined the spatial correlates of treatment non-completion and recidivism 

for juvenile offenders.  No known research has estimated the effects that distance to 

treatment has on these outcomes.  Such a void in the literature clearly supports the current 

study in asking if distance to treatment does influence juvenile justice outcomes, and if 

so, to what extent?  Although prior research has not explicitly addressed such questions, 

the studies reviewed in the previous chapter strongly suggest that distance should 

influence these outcomes.  Beyond suggesting that distance will be positively related to 

both treatment non-completion and recidivism of juvenile offenders, those studies allow 

for additional and more specific hypotheses to be posited.  

Examining effects by various distance measures, research in health geography has 

found that increases in distance operationalized by Euclidean distance (Arcury et al., 

2005; Jordan et al., 2004; Muller et al., 1998), network distance (Christie & Fone, 2003; 

Whetten et al., 2006), and perceptions of distance (Fone et al., 2006; Nemet & Bailey, 

2000; Probst et al., 2007) all serve to impede the utilization of health care services.  

These effects are further supported by studies concluding that various conceptualizations 

of distance are highly correlated (Apparicio et al., 2008; Fone et al., 2006; Haynes et al., 

2006; Jordan et al., 2004; Martin et al., 2002; Phibbs & Luft, 1995).  These studies 

suggest that measures of linear, network, and social distance to be included in this 

analysis should have similar effects on the outcome measures. 

 Research on the effects of disaggregating criminal justice outcomes suggest that 

correlates of recidivism and treatment non-completion are likely to differ by type.  The 

likelihood of juveniles recidivating due to drug offenses has been found to be 

significantly influenced by neighborhood context (Grunwald et al., in press).  There are 
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no known studies of spatial effects of treatment non-completion that compare types of 

non-completion, but researchers are cognizant of the utility of disaggregating the various 

reasons why individuals may cease attending treatment from a single measure of non-

completion (Beyko & Wong, 2005; Nunes & Cortoni, 2006; Wormith & Olver, 2002).  

As a result, the current study considers the potential differing effects of distance by 

disaggregating treatment non-completion and recidivism by type. 

 This analysis expects to find several significant interactions between distance to 

treatment and juvenile offender demographics.  Specifically, distance to treatment is 

hypothesized to increase the likelihood of treatment non-completion for females, non-

Whites, and younger juvenile offenders to a greater degree than for male, White, and 

older juveniles.  This expectation is based on prior research concluding that females 

(Rengert, 1975), non-Whites (Carter & Hill, 1979; Nichols, 1980; Phillips, 1980), and 

younger juveniles (Phillips, 1980) travel shorter distances to commit offenses, than do 

their male, White, and older counterparts.  In other words, juveniles who are young, non-

White, and/or female have smaller activity spaces and are therefore expected to be more 

influenced by distance to treatment. 

 Lastly, although included as a control in the subsequent models, the effects of 

group membership are of great importance to this study.  Prior research on juvenile co-

offending has concluded that juveniles are more likely to commit offenses in groups than 

when alone and are more likely to co-offend than are adults (Reiss & Farrington, 1991; 

McGloin et al., 2008; Weerman, 2003; Zimring, 1981).  Further research of juvenile 

offenders in Philadelphia found that many factors influenced rates of co-offending, 

including race, gender, offense type, and community context (Daly, 2005).  The results of 
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these studies can be extended to this analysis to suggest that juvenile offenders are more 

likely to fail to complete treatment, and therefore more likely to recidivate, if they travel 

to treatment programs in groups.  Based on this expectation, the influence of group 

membership will be controlled for in this analysis.   

Based on the literature reviewed, this study proposes the following hypotheses: 

 H1: Linear distance will have a significant, positive relationship with juvenile  

             treatment non-completion and recidivism. 

H2: Distance modeled on street and public transit networks that depict time in    

transit will have a significant, positive relationship with the likelihood of 

juvenile treatment non-completion and recidivism. 

H3: Social distance will have a significant, positive relationship with juvenile 

treatment non-completion and recidivism. 

H4: The effects of distance will interact with juvenile demographics, so that 

females, non-Whites, and young juveniles are more acutely impacted by 

distance to treatment than are White, male, and older juveniles. 

H5: Effect sizes of distance measures will differ by juvenile treatment non-

completion type, with non-completion due to dropout most strongly 

influenced by distance. 

H6: The effects of the social distance will have the strongest effects on 

treatment non-completion, followed by network distance, and finally, 

linear distance. 
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H7: Distance to treatment will indirectly influence juvenile recidivism, 

specifically by treatment non-completion contributing to an increased 

likelihood of juvenile recidivism. 

H8:  Effect sizes of treatment non-completion will differ by juvenile recidivism 

offense type, with drug recidivism most strongly influenced by distance. 
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CHAPTER THREE: METHODOLOGY 
 

Data and Units of Analysis 
 
 This research will analyze data from five sources: the ProDES database of 

juvenile offenders in Philadelphia, the Public Health Management Corporation’s (PHMC) 

Southeastern Pennsylvania Household Health Survey, the Philadelphia Police 

Department (PPD), Pennsylvania Spatial Data Access (PASDA), and the Southeastern 

Pennsylvania Transit Authority (SEPTA). 

The ProDES database contains records of all juveniles entering the Philadelphia 

Family Court between 1994 and 2004 and committed to residential or community-based 

treatment programs.  This database was compiled to provide enhanced information to 

juvenile courts, treatment providers, and funding agencies regarding trends and outcomes 

in juvenile justice.  Included in the ProDES database are measures of individual and 

family demographics, prior and current offense history, recidivism status, and many other 

items.  Data were collected at multiple periods for each juvenile, including at court 

appearance, program intake, program discharge, and during a follow-up period.  

Information at program intake and discharge were collected by program employees 

trained by staff from the Crime and Justice Research Center (CJRC).  The remaining data 

were collected by CJRC staff. 

Juvenile data analyzed in this study were collected from the seven-year period 

between 1996 and 2002, when the ProDES data were most complete.  In order to estimate 

the effects of distance to treatment, the dataset was reduced to include only juvenile 

offenders who attended non-residential, community-based programs within Philadelphia, 

resulting in a population of approximately 13,000.  The population eligible for analysis 
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was further pared down by selecting the first case for each juvenile, as there are not 

enough multiple cases per juvenile to conduct a longitudinal analysis.  As a result, 6,996 

juvenile offenders are eligible to be included in the study.  Next, 53 cases were removed 

because they represented juveniles who attended one of seven programs with fewer than 

ten clients, and were deemed inappropriate for hierarchical linear modeling.  The 

resultant juvenile dataset included a population of 6,943 juvenile offenders.  The homes 

of the juveniles at the time of their initial appearance in Family Court were geocoded 

onto a map of Philadelphia using ArcGIS 9.2. 

A descriptive analysis of the outcome measures indicated that the variable 

measuring program completion was missing for 731 juveniles in the study population.  

Therefore, it is not known if these juveniles completed their treatment, and if not, why 

they failed to complete it.  Comparisons were then made between the juveniles who were 

missing this information and the other 6,208 juveniles in the dataset.  Chi Square tests 

were run to determine if significant differences existed between the juveniles who did 

and did not have data regarding program completion on demographic characteristics, 

including race, gender, and age (dichotomized to capture the older half of the study 

population in age versus the younger half).  These tests revealed that no significant 

differences exist on these indicators when comparing juveniles who do and do not have 

information concerning the status of their treatment completion.  An independent samples 

t-test was then conducted to examine differences in straight-line distance between 

juveniles who were missing the treatment completion variable, and those that did not.  

This test similarly indicated that there is no significant difference on distance to treatment 

between the two samples of juveniles.  Based on these findings, the juveniles who are 
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missing this information can be considered to be missing at random and were 

subsequently removed.  The final juvenile population analyzed in this study includes 

6,208 juvenile offenders. 

Data from non-residential, community-based treatment programs were also 

collected by CJRC staff through a survey sent to programs and interviews conducted with 

program administrators.  These data include items describing the structural characteristics 

and services provided by the programs.  Juveniles in the ProDES dataset attended one of 

31 non-residential, community-based programs.  As was mentioned, eight programs and 

the corresponding juvenile clients (n = 53) were removed due to methodological 

considerations that stem from too few juvenile clients in attendance at those programs.  

The remaining twenty-four programs will be included in this study.  Three of these 

programs moved during the study period.  Juveniles attending one of these three 

programs were attached to the proper location of the program based on the time of their 

stay in treatment.  These programs, along with the remaining twenty-one programs, were 

geocoded onto a map of Philadelphia using ArcGIS 9.2.  The final program-level dataset 

contains the attributes of the twenty-four programs.  Geographically, the treatment 

facilities are located across Philadelphia, but are clearly concentrated in Center City with 

five programs located in that neighborhood.  Those five programs served 1356 juvenile 

offenders, or nearly twenty-two percent of the study population. 

Data describing neighborhood context come from the PHMC Household Heath 

Survey (HHS), a biannual telephone survey that collects information from residents 

regarding health care and health status in southeastern Pennsylvania (PHMC, 2000).  In 

addition, the survey collects information about resident perceptions of safety and 
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neighborhood status.  Households are randomly selected for inclusion in the survey, with 

random within-household selection utilized to further ensure a random sampling of 

residents.  In an effort to match the period of data collection of the ProDES database, this 

analysis utilizes data from PHMC surveys collected in 2000, 2002, and 2004.  4,119 

adults were surveyed in 2000, 4,133 in 2002, and 4,415 in 2004, resulting in a mean of 

4,222 adults surveyed per year.  The data have been weighted to ensure that the survey 

respondents comprise a representative sample of Philadelphia residents, based on race, 

gender, and educational attainment. 

Survey results have been aggregated to neighborhoods defined by the PHMC (n = 

45).  Constructed in the 1980s, the PHMC neighborhood boundaries were defined after 

consulting with individuals and organizations familiar with the spatial composition of 

Philadelphia, with the intent of identifying the distinct communities within Philadelphia.  

This method of neighborhood aggregation is more likely to effectively capture 

neighborhood boundaries when compared to the politically drawn boundaries of the U.S. 

Census.  The PHMC neighborhoods are illustrated in Figure 5. 

 The mean area of the forty-five PHMC neighborhoods is 3.17 square miles, the 

minimum area is 0.80 square miles, and the maximum area is 9.77 square miles.  Based 

on the average of 4,222 PHMC survey respondents, each of the 45 neighborhoods has an 

average of 94 respondents who completed the survey per year.  
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Figure 5: Spatial Distribution of PHMC Neighborhoods in Philadelphia 
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Crime data were provided by the Philadelphia Police Department for the three-

year period of 2000 through 2002.  These data include the offense type and location of all 

Part I incidents, or serious offenses, that occurred within Philadelphia, with the exception 

of rape offenses.  This dataset comprises a total of 321,785 offenses.  ArcGIS 9.2 was 

used to geocode the offense addresses.  299,855 offenses were successfully geocoded, 

resulting in a hit rate of ninety-three percent, exceeding the minimum acceptable hit rate 

of eighty-five percent for crime data set forth by Ratcliffe (2004).  

PASDA provided a shapefile of Philadelphia street centerlines that includes 

spatial data for all streets in Philadelphia.  It was uploaded by PASDA onto their website 

and made available to the public in January 2009, rendering it the most current street 

centerlines file for Philadelphia. 

Lastly, this study utilizes shapefiles of public transit routes and stops that depict 

public transportation services provided by SEPTA.  They include routes and stops for 

buses, trolleys, and subways in Philadelphia.  These shapefiles, when combined with the 

aforementioned street data, will permit the analysis to create network datasets that allow 

for the estimation of travel using public and private vehicles. 

Dependent Variables 
 
 Two sets of outcomes will be tested: juvenile offender treatment non-completion 

and recidivism.  As has been previously mentioned, treatment non-completion and 

recidivism are related: non-completion has been shown to influence recidivism.  In order 

to prevent issues related to the confounding of independent variables, careful 

consideration will be made to separately analyze these outcomes. 
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Juvenile Treatment Non-Completion 
 

 Treatment non-completion identifies juvenile offenders who fail to complete the 

full curriculum of the treatment program they are required to attend.  Prior research 

supports the disaggregation of treatment non-completion measures in this analysis so that 

potentially differing distance effects on type of non-completion can be detected.  Nunes 

and Cortoni (2006: 2-3) note the importance of distinguishing between type of non-

completion in their study of treatment non-completers by stating that the use of outcomes 

collapsing all types of non-completion into a single measure “likely limits the 

contribution such research can make to our understanding of treatment non-completion 

when there is heterogeneity among non-completers.”  Their study examined three 

categories of treatment non-completion: non-completion due to administrative reasons, 

personal circumstances, and dropout/expulsion.   

This analysis will similarly disaggregate treatment non-completion.  The ProDES 

database includes an item that measures reason for treatment non-completion.  Nine 

categories for treatment non-completion are specified (Harris & Jones, 2002).  These 

categories were collapsed into two non-completion measures: non-completion due to 

dropout and due to expulsion.  Non-completion due to dropout includes juveniles coded 

as “ran away from the program and/or a bench warrant was issued” and “does not attend 

as required.”  Non-completion due to expulsion includes juveniles coded as “arrested” 

and “noncompliant with the rules of the program, probation, or family.”  In an effort to 

disentangle the relationship between non-completion and recidivism, non-completion due 

to expulsion includes those juveniles who are designated in the ProDES dataset as having 

recidivated while in treatment.  By separating out recidivism to include those who 
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recidivate while in treatment, this analysis can distinctly analyze juvenile offenders who 

fail to complete treatment due to a new offense.  The two non-completion measures 

conceptualize the reasons for non-completion that are hypothesized to be affected by 

distance to treatment.  Other reasons for non-completion, such as administrative 

functioning and personal circumstances, are not thought to be influenced by distance to 

treatment.  These reasons for non-completion of treatment are typically beyond the 

control of the juvenile offender, and therefore, cannot be attributed to deviations in the 

distance traveled to treatment. 

Juvenile Recidivism   
 
 Currently, there is no national consensus regarding the most appropriate way to 

operationalize recidivism; both the measures and follow-up periods used to define 

reoffending vary greatly across studies (Snyder & Sickmund, 2006).  Recidivism is 

measured in this analysis as a petition to juvenile court, which falls between rearrest and 

reincarceration in the chronology of the criminal justice process.  The follow-up period 

within which juveniles in this study are eligible to recidivate is six months beyond their 

release from treatment.  The average length of stay in treatment for the juveniles to be 

studied is approximately seven months, making the true follow-up period approximately 

thirteen months.   

 Prior research has identified the importance and utility of disaggregating juvenile 

recidivism measures, as the correlates of recidivism have been shown to vary by offense 

type (Grunwald et al., in press).  In order to be able to identify different correlates of 

recidivism that might exist for various recidivism offense types, three recidivism 

measures will be included in this analysis that categorize reoffending due to violent, drug, 
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or property offense.  The recidivism outcomes measures will include only those juveniles 

who have recidivated after their time in treatment, as offending during time in treatment 

is already contained within the outcome measures that represent non-completion due to 

expulsion.  Thus, the recidivism outcome measures represent juvenile offenders who 

theoretically recidivate in part due to the effects of treatment non-completion. 

 Figure 6 illustrates the outcome measures to be included in this analysis, and their 

relationship with each other.  The smaller boxes describe the types of treatment non-

completion and recidivism that will be analyzed.  The arrow pointing from treatment non-

completion towards recidivism indicates that failing to complete treatment increases the 

likelihood of post-program recidivism.  It is important to reiterate that juvenile offenders 

who fail to complete treatment due to a recidivating offense are considered to have failed 

to complete treatment due to expulsion.  As a result, the recidivism outcomes represent 

juvenile offenders who reoffend after their time in treatment.  The relationship between 

treatment non-completion due to expulsion and recidivism could prove to be problematic 

as juveniles who are expelled from treatment due to a new offense might be removed 

from their homes and sent to a residential program, thereby making them ineligible to 

recidivate within six months of their release from treatment.  However, descriptive 

statistics indicate that approximately twenty-five percent of juvenile offenders who 

recidivate with each of the three recidivism offense types were first expelled from 

treatment.  This shows that a sizeable proportion of those expelled from treatment were 

eligible to recidivate.  Further, of the 805 juvenile offenders who were expelled from 

treatment, 283 were sent to a more secure facility as a result of new petitions to the 

Philadelphia Family Court.  These values indicate that while some juveniles expelled 
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from treatment were sent to more secure facilities and  unable to have recidivating 

offenses measured by the ProDES database, the majority of expelled offenders were still 

living in their communities and at-risk for a future offense.  These distinctions serve to 

disentangle the intertwined relationship between treatment non-completion and 

recidivism by clearly delineating juvenile offenders who fail to complete treatment due to 

recidivism and vice versa.   

Time is represented at the bottom of the figure and illustrates the temporal aspect 

of the outcomes: juvenile offenders in the ProDES database attend treatment for an 

average of seven months, followed by the six-month follow up period after program 

completion, during which juvenile offenders are eligible to recidivate.  In total, this study 

possesses, on average, a follow-up period of thirteen months in which juvenile offenders 

can fail to complete treatment and/or recidivate.  A follow-up period of this length is 

well-supported in the research on juvenile recidivism (Harris et al., 2009). 
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Figure 6: Outcome Measures 

 
 

Independent Variables 
 
 Three sets of distance-related predictors will be calculated in this analysis that 

represent linear, network, and social distance.  Prior research has determined that in 

metropolitan areas such as Philadelphia, Cartesian distance measures (including 

Euclidean distance) are highly correlated with distance measures based on network 

distance and time (Apparicio et al., 2008; Fone et al., 2006; Apparicio et al., 2003).  The 

hypothesized effects of multiple measures of distance on juvenile non-completion and 



 
 

71

recidivism will be estimated to expressly account for the various ways in which juveniles 

might travel to treatment and perceive physical space. 

 The first distance measure to be calculated will be straight-line or Euclidean 

distance.  The “Point Distance” tool in ArcGIS 9.2 will be used to calculate these 

distances.  Manhattan distance, often used in studies of distance within urban areas to 

serve as a proxy for network distance, will not be calculated in lieu of calculating actual 

network distance measures (Wang, 2006). 

 Using the Network Analyst extension in ArcGIS 9.2, routes based on network 

time will be calculated between juvenile offenders and their treatment programs.  The 

initial network dataset will include the street centerlines shapefile of Philadelphia and 

permits the calculation of network distance and time for travel through Philadelphia by 

personal vehicle.  Travel time by personal vehicle is calculated based on a function of 

network route length and the class designated for each street that includes: expressway, 

major arterial, minor arterial, collector, and local streets that correspond to varying speed 

limits.  This operationalization of network time does not account for time spent waiting at 

street lights, and therefore, is likely to underestimate the true temporal cost of travel.  

However, this limitation is present in the calculation of personal vehicle travel time for 

all juveniles, so it is expected that any errors will be uniform across juveniles.   

A network dataset will then be created that includes shapefiles of streets, bus 

routes, bus stops, subway routes, and subway stops in Philadelphia.  With this network 

dataset, routes to treatment programs can be calculated that approximate the shortest time 

required for juvenile offenders to travel to treatment programs that can include a 

combination of walking, bus travel, and subway travel.  Travel time calculated with this 
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multimodal dataset is based on route length and travel speed.  The typical walking speed 

of three miles per hour is used to calculate travel time on foot (Guo & Ferreira, 2008; 

Willis et al., 2004).  Travel time via bus and subway is provided by a document prepared 

by the Delaware Valley Regional Planning Commission (DVRPC) (2008) that calculates 

the average speed of buses within Philadelphia to be 10.25 miles per hour and the 

corresponding average speed of subway travel to be 18.25 miles per hour.  These values 

include stopping time, so the limitations present in the calculation of personal vehicle 

network travel should not be present in the calculation of public transit travel time.  To 

account for the initial wait time for buses and subways, an additional six minutes of time 

is added to the time estimates of travel for juvenile offenders who live beyond a one mile 

distance of the treatment program they attend.  This value is based on transit headway.  

Headway, or time between buses and subways in Philadelphia during the peak times in 

which juveniles are most likely to travel to treatment, fluctuates between eight and fifteen 

minutes, by route.  The average headway of approximately twelve minutes was then 

halved to represent an average time of six minutes that individuals spend waiting for 

public transit.  Lucky individuals arrive at the bus or train station precisely when a 

vehicle arrives, while others just miss their bus and must wait for another twelve minutes.  

Halving this headway time, therefore, represents the average wait to take public transit. 

 The final set of distance measures quantifies social distance to treatment for 

juvenile offenders.  Without items in the ProDES database that explicitly represent how 

juveniles perceive their surroundings, several proxy measures will be constructed that are 

based on prior research on perceptions of space and social barriers.  Such studies have 

concluded that perceptions of race (Rengert & Pelfrey, 1997), crime (Mattson & Rengert, 
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1995), and socioeconomic status (Orleans, 1973) influence the size of individuals’ 

cognitive maps, and therefore the size of their awareness space.  Additionally, research 

has identified the effects of social barriers to influence the locations in which offenders 

are likely to commit crime (De Poot et al., 2005; Rengert et al., in press; Reynald et al., 

2008).  As a result, the measures of social distance will employ considerations of 

socioeconomic status, ethnicity, and crime. 

 The first two measures of social distance will consider socioeconomic status, in 

the form of neighborhood disadvantage, and the level of social capital at the PHMC 

neighborhood level (n = 45), to conceptualize how juvenile offenders might perceive the 

distance between their homes and the location of their treatment.  Social barrier research 

has concluded that individuals are less likely to travel into neighborhoods of different 

social status to offend (De Poot et al., 2005; Reynald et al., 2008).  For detailed 

descriptions of the construction of the socioeconomic status and social capital scale 

items, see the “Neighborhood-Level Predictor” section that follows.  The first predictor, 

termed “social distance: disadvantage” will be calculated by subtracting the value of the 

disadvantage index for the neighborhood in which their treatment program is located 

from the corresponding value of the neighborhood in which the juvenile offender resides.  

Higher values represent juveniles who travel to programs in neighborhoods more 

disadvantaged than their own.  The second item, termed “social distance: social capital” 

is constructed in a similar, yet opposite manner, with the value of the social capital item 

from the juveniles’ home neighborhood subtracted from the corresponding value of the 

neighborhood that houses the program they attend.  As a result, lower values on this item 

mark juveniles who travel into neighborhoods that possess greater levels of social capital.  
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 A predictor termed “social distance: ethnicity” will be calculated by comparing 

the race of a juvenile and the proportion of residents of that ethnicity within the 

neighborhood in which their treatment program is located.  For a White juvenile offender, 

the proportion of White residents within the neighborhood in which they travel to 

treatment will be used to calculate this variable.  This proportion will then be subtracted 

from 1, so that higher values indicate increased social distance.  Reynald et al. (2008) 

utilized a similar measure to conceptualize social barriers based on the likelihood that 

potential offenders would be of the same race as the inhabitants of neighborhoods where 

they commit offenses. 

 The final measure, “social distance: crime” will be calculated using crime data 

from the Philadelphia Police Department aggregated to the neighborhood level to 

calculate neighborhood crime rates.  The violent crime rate for the neighborhood in 

which each juvenile resides will be subtracted from the corresponding value for the 

neighborhood in which the juvenile’s program is located.  High values for this predictor 

indicate juveniles who travel to programs in areas with more violent crime than their own 

neighborhood.  This predictor will only consider violent crime, as juvenile offenders are 

less likely to be aware of property crimes occurring within neighborhoods of 

Philadelphia, and violent crime rates are more likely to invoke perceptions of danger.  

This measure is based on the work of Mattson and Rengert (1995) to identify differences 

in the perceptions of distance to urban locations based on danger and crime. 

 
Control Variables 

 
Three levels of control variables will be entered into the models so that the effects 

of distance can be estimated net of many other factors that have been found to influence 



 
 

75

juvenile non-completion and recidivism.  They include individual-, neighborhood-, and 

program-level predictors originating from the data sources described above.   

Individual-Level Control Variables 
 
 Earlier analyses of juveniles in the ProDES database (Grunwald et al., in press; 

Mennis et al., in press) and a review of the literature on correlates of juvenile recidivism 

have contributed to the selection of individual-level predictors from the ProDES 

database.  They include variables that describe juvenile and family demographics, 

criminal history, and current offense characteristics.  Age, race, gender, and history of 

mental health issues comprise predictors of juvenile demographics.  Juveniles in the 

ProDES database are coded as either “White”, “Black”, “Hispanic”, “Asian”, or “other.”  

Dummy variables representing juveniles as White and Hispanic will be included in the 

analysis, with Black juveniles serving as the reference category.  Parental criminality and 

aftercare status, an item representing whether the juvenile was not living with their 

parents at the time of entrance into the ProDES database, describe family demographics.  

Criminal history predictors measure whether the juveniles have committed a prior drug or 

violent offense. 

 An indicator will also be constructed that represents the travel to treatment in 

groups.  For each juvenile, data from the ProDES dataset indicating which program they 

attended, the time of attendance, and the Census tract in which they live, will be matched 

to all other juveniles.  Juveniles who match on all three variables are considered to be in 

groups and the effects of such groupings will be estimated in the subsequent models.  The 

use of Census tracts (n=382) to measure the spatial component of group membership, 

rather than PHMC neighborhoods, is based on the findings of research on the journey to 
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crime for juvenile offenders and the cognitive mapping of juveniles.  These bodies of 

literature have concluded that juveniles are more acutely affected by space than are 

adults.  The 45 PHMC neighborhoods are thought to be too large to effectively determine 

group membership.  Census tracts represent smaller areas that are more likely to identify 

groups of juvenile offenders who are aware of each other during their time in treatment. 

 Interaction terms will also be calculated and entered into models of treatment non-

completion.  These two-way terms represent the joint effects of distance with race, 

gender, and age at first arrest.  Each interaction was calculated as the product of one 

distance measure and a demographic predictor that denotes juvenile age, race (White and 

Hispanic), and gender.  Beyond the potential discovery of distance effects on treatment 

non-completion, knowledge of differing distance effects by juvenile demographic 

characteristics will provide a richer understanding of the role that distance to treatment 

plays for juvenile offenders. 

Neighborhood-Level Control Variables 
 
 Items from the 2000, 2002, and 2004 PHMC Household Health Surveys were 

used to create scale-items that will permit this analysis to control for neighborhood 

context.  The first scale operationalizes neighborhood disadvantage using four survey 

items from the 2000, 2002, and 2004 surveys, and is consistent with prior studies of 

community processes that estimate the effects of neighborhood disadvantage (Baumer, 

2002; Baumer et al., 2003; Sampson et al., 1997).  PHMC survey items that compose this 

scale include: the proportion of residents on welfare, below the poverty line, unemployed, 

and an item that categorizes family income on a scale of 1-17.  The family income item 

has been multiplied by -1 so that income decreases as the variable values increase, 
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rendering it consistent with the direction of the other three items that make up 

neighborhood disadvantage.  This scale deviates from prior conceptualizations of 

neighborhood disadvantage as it does not include proportion of Black residents or 

female-headed households.  The PHMC survey does not collect information regarding 

female-headed households, so this item could not be included.  The proportion of Black 

residents was not included for two reasons: the effects of race are already included by 

predictors at the individual-level, and the inclusion of proportion of Black residents did 

not improve the predictive ability of the scale.  Perhaps most importantly, neighborhood 

constructs such as concentrated disadvantage can distort and confound neighborhood 

processes by including items that represent both cultural and economic indicators.  By not 

including the proportion of Black residents or single female-headed households, the 

resulting predictor clearly represents socioeconomic status in the neighborhoods.  Factor 

analysis, using a varimax rotation was run to confirm the utility of including these four 

items.  The Cronbach’s alpha for this item in 2000 is 0.947, in 2002 is 0.871, and in 2004 

is 0.845, indicating a high level of internal reliability.  The three iterations of this scale 

item were then combined so that a mean value of disadvantage from the three surveys 

over the five-year period could be calculated and used in this analysis. 

The second neighborhood-level predictor represents the level of social capital 

within neighborhoods.  Social capital represents the extent to which neighborhood 

residents participate in community organizations and are willing to help their neighbors.  

Measures of social capital have been included in numerous studies of the effects of 

community-level context on crime, and represent processes that stand in contrast to the 

more common usage of disadvantage to describe neighborhoods (Messner et al., 2004; 
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Rosenfeld et al., 2001).  This index was constructed from items collected by the 2002 and 

2004 versions of the PHMC Household Health Surveys, as the necessary items were not 

collected in 2000.  Four survey items are included in this index: the number of local 

groups and organizations that residents participate in; a five-category rating (ranging 

from “never” to “always”) asking how often neighborhood residents are willing to help 

their neighbors with basic tasks, such as picking up trash cans and shoveling snow; and 

responses to two statements on a scale of “1” to “5’: “I feel that I belong and are part of 

my community” and “Most people in my neighborhood can be trusted.”  As with the 

scales of SES, these indices exhibit a high level of reliability over time, with Cronbach’s 

alphas of .785 in 2002 and .868 in 2004.  The resulting scales from 2002 and 2004 were 

combined to provide an average of social capital per neighborhood over the three-year 

period. 

Program-Level Control Variable 
 
 A predictor representing program length will be included in the models to be 

estimated.  This item represents program structure in the form of the average length-of-

stay (in months) for each treatment facility.  It is imperative to control for this predictor 

in this analysis, as it is not difficult to surmise that juveniles who attend shorter treatment 

programs would be less influenced by the distances they travel than would juveniles who 

must travel to treatment over longer periods of time.  

Analytic Strategy 

The analytic plan will proceed by first calculating the distance measures that have 

been described in the preceding chapter.  Upon the creation of the distance measures, 

univariate and bivariate analyses will be conducted to understand the composition of all 
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variables that will be entered into the predictive models, and to become aware of any 

issues of autocorrelation between the predictors.  Finally, hierarchical generalized linear 

models will be estimated to test the effects of distance on treatment non-completion and 

recidivism, while controlling for the aforementioned multiple levels predictors.  At the 

conclusion of the analysis, each of the hypotheses put forth in Chapter Two will have 

been tested. 

The first step in the analytic strategy requires the calculation of descriptive 

statistics for the dependent, independent, and control variables.  Bivariate statistics will 

then be calculated to determine if issues of multicollinearity exist between control 

variables at the individual or neighborhood level.  At this early point in the analysis, in 

the interest of parsimony, the eight distance measures will be reduced to a more 

manageable number based on their statistical and theoretical similarities.  Bivariate 

correlations will provide insight concerning similarities between the distance measures, 

adding to the previously described literature that has found strong correlations between 

linear and network distance (Apparicio et al., 2008; Groff & McEwen, 2007; Apparicio et 

al., 2003; Fone et al., 2006).  Next, t-tests comparing the differences on the distance 

measures between juveniles who have and have not failed to complete treatment will be 

run.  Based on these analyses, it will be possible to reduce the eight distance measures 

into a smaller set of measures. 

In order to simultaneously control for individual-, neighborhood-, and program-

level effects when estimating the effects of distance on the outcome measures, cross-

classified hierarchical generalized linear models (HGLM) will be constructed.  

Hierarchical linear models have an advantage over other statistical techniques, as they are 
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capable of disaggregating the variance in outcome measures by level of data.  Compared 

to the more common method of estimating effects on binary outcomes that is logistic 

regression, HGLM avoids issues related to aggregation bias and miss-estimation errors 

that stem from the natural clustering of units of analysis.  In this analysis, juvenile 

offenders comprise the units of analysis at level-one, and both neighborhoods (n = 45) 

and programs (n = 24) represent level-two units of analysis.  Hierarchical modeling not 

only allows for the inclusion of multiple layers of data, but also to estimate distinct 

effects for each level of analysis included in the models.  Further, it permits for inquiries 

regarding the effects of level-two predictors on relationships between level-one predictors 

and outcome measures. 

Unlike three-level hierarchical models, in which level-one units of analysis are 

nested within level-two units of analysis, which are then nested within a third unit of 

analysis, cross-classified hierarchical models include two level-two units of analysis.  

The choice to utilize cross-classified HGLM as a methodological technique is primarily 

due to the relatively unique structure of the data to be analyzed.  Each juvenile offender 

in the study population is nested not only within a distinct neighborhood, but also a 

treatment program.  Although treatment programs are nested within neighborhoods, this 

analysis is not interested in the effects that neighborhoods might have on treatment 

programs.  Rather, this analysis wishes to estimate the effects of the home neighborhoods 

on juvenile offenders, as they spend the majority of their time within their home 

neighborhood.  This precludes a three-level HGLM analysis and supports the use of 

cross-classified models. 
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Conceptually, the structure of the dually-nested data can be illustrated with a cell 

contingency table that depicts neighborhoods as rows and programs as columns, with x 

number of juveniles residing within each cell of the matrix.  Table 1 illustrates a 5 x 5 

matrix describing the nesting of juvenile offenders within the first five programs and 

neighborhoods in this study.  The values of each cell represent the count of juvenile 

offenders within a specific program and neighborhood.  The variation in counts of 

juveniles within the neighborhoods and programs in this analysis can be seen in Table 1, 

as can the relatively sparse cell counts across both neighborhoods and programs. 

 

Table 1: Cross-Classified Matrix 

 Program 1 Program 2 Program 3 Program 4 Program 5 

Neighborhood 1 0 0 3 3 0 

Neighborhood 2 2 6 48 34 14 

Neighborhood 3 1 1 25 9 7 

Neighborhood 4 0 1 21 7 3 

Neighborhood 5 1 0 29 19 7 

  
 

As an added advantage, cross-classified models are not adversely affected by 

sparse counts of level-one units within the cells representing program and neighborhood 

membership.  Marginal tools are utilized in the estimation process so that neighborhood 

effects are estimated across programs, and vice versa.  This is especially important when 

considering that the average count of juvenile offenders per cell in the full 45 

neighborhood x 24 program cell contingency table created in this analysis is only 5.75.  
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Table 1 indicates that statistical power is likely to be an issue for the cross-classified 

models. 

 Consideration of the issue of statistical power in multi-level modeling, and 

techniques with which to address this potential limitation, has grown in recent years 

(Moerbeek et al., 2001; Raudenbush, 1997; Snijders, 2005; Snijders & Bosker, 1993).  

Statistical power is largely a function of sample size, and with more than one level of 

analysis, hierarchical models are particularly vulnerable to issues related to low power.  

Unfortunately, the current discussion largely excludes cross-classified hierarchical 

models.  Programs such as Optimal Design (Spybrook et al., 2008) and PINT (Bosker et 

al., 2003) do not include the ability to estimate statistical power in cross-classified 

models.  However, the usage of such programs intended to aid in the proper design of 

research possess less utility for the current study which include static counts of juveniles, 

neighborhoods, and programs, and can only serve to retrospectively estimate statistical 

power.  As a result, the current study is likely to identify issues related to statistical power 

based on the preliminary evidence of low cell counts in the cross-classified cell 

contingency table in Table 1.  Snijders (2005) does note that the sample size at level-one 

is more important when testing for the effects of a level-one predictor, than is the count 

of level-two units of analysis.  While that favors the current study with more than 6,000 

juvenile offenders at level-one, the results of this analysis will be carefully interpreted in 

light of potential difficulties related to low power. 

 Before estimating cross-classified hierarchical models, two-level models will be 

constructed as part of a model building process that will culminate with the full cross-

classified models.  One two-level model will estimate the effects of distance while 
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controlling for individual- and neighborhood-level indicators, with the other controlling 

for individual- and program-level indicators.  These models will aid in the construction of 

the cross-classified models by indicating how distance influences treatment non-

completion and recidivism while controlling for only one type of level-two context. 

 In an effort to appropriately test the hypothesized distance effects on both 

treatment non-completion and recidivism, this portion of the analysis will proceed in two 

parts.  The first will test for the direct influence of distance to treatment on treatment non-

completion.  If distance is found to influence treatment non-completion, the second step 

will then use treatment non-completion as a predictor of juvenile recidivism.  

Theoretically, distance is expected to impact treatment non-completion, and through non-

completion, influence recidivism.  To disentangle the relationship between distance to 

treatment and both sets of outcome measures, distance measures will only be included in 

models that estimate their effects on treatment non-completion.  As distance is 

hypothesized to indirectly influence recidivism, it would not be appropriate to include 

distance measures in models that include recidivism as an outcome.  Rather, the indirect 

effects of distance on recidivism will be tested by including treatment non-completion as 

an independent predictor of juvenile recidivism.  If distance does influence treatment 

non-completion, the subsequent estimation of the influence of treatment non-completion 

on recidivism will provide insight into the effects of distance on recidivism.  

Accordingly, for both of the two-level and cross-classified models, two sets of 

hierarchical models will be run: one for the effects of distance on treatment non-

completion and another to determine the effects of treatment non-completion on juvenile 

recidivism.   
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 The initial step when conducting HGLM analyses asks whether the outcome 

measures vary across the level-two units of analysis.  Do juvenile treatment non-

completion and recidivism vary across programs and/or neighborhoods?  If the answer is 

no, hierarchical models hold little advantage over more traditional techniques, such as 

logistic regression.  To answer this question, unconditional models that do not include 

any predictors will be estimated.  Unconditional models produce coefficients that can be 

used to calculate the proportion of variance in the outcome that each of the three levels of 

analysis is responsible for.  Unlike models that include continuous outcomes and examine 

intraclass correlation coefficients to make this determination, models with dichotomous 

outcomes calculate and inspect the interval of plausible values for the effects of 

neighborhoods and programs on the mean log odds of the outcome (Raudenbush & Bryk, 

2002).  If the subsequent intervals of plausible values are small, indicating little variance 

on the outcomes across level-two units, the utility of hierarchical models is reduced. 

 Three sets of full models will then be built that estimate the intercept (proportion 

of treatment non-completion, by type) that include distance measures at level-one, and all 

three levels of control variables.  Two two-level models will first examine the effects of 

distance to treatment across neighborhoods and programs separately, with the final cross-

classified models examining the same effects while simultaneously controlling for 

neighborhood and program context.  For each set of models, distance measures will be 

entered into separate iterations so that the effects of the different operationalizations of 

distance can be estimated and compared.   

Potential effects of cross-level interactions will also be investigated in this 

analysis. Combined models will be built that permit the intercept and relationships 



 
 

85

between distance measures and the outcomes to vary across neighborhoods and 

programs.  Raudenbush and Bryk (2002) refer to this type of model as an “intercepts and 

slopes as outcomes model.”  This portion of the analysis will determine if the effects of 

distance on recidivism and treatment non-completion vary by neighborhood disadvantage 

and/or program length.  It would not be surprising to find that distance effects on non-

completion differ by neighborhood disadvantage; that distance has a stronger relationship 

with the likelihood of treatment non-completion for juveniles residing in more 

disadvantaged neighborhoods.  This aspect of the analysis will identify the relationships 

between distance and the outcomes that vary across programs and neighborhoods, and 

will determine which of the level-two variables might predict this variation.  

If the results of these models suggest that distance to treatment does significantly 

predict either type of treatment non-completion, three similar sets of models will then be 

estimated that model the impact of treatment non-completion on the three recidivism 

offense types.  As with the distance measures, the two types of treatment non-completion 

will be entered into separate model runs so that a fuller understanding of the effects of 

treatment non-completion, by type, can be made. 

 Due to the volume of tests that will be conducted in this study, steps must be 

taken to ensure that increased Type I error related to multiple testing does not influence 

the analysis and corresponding results.  Type I errors are more commonly known as false 

positives, and in the current analysis, would represent the identification of significant 

effects of distance on the outcome measures that are not actually exerting significant 

influence on treatment non-completion or recidivism.  To address this issue, multiple 
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testing corrections can be utilized to adjust the p-values of statistical tests to prevent Type 

I errors from occurring. 

 The Bonferroni correction technique is one of the most common methods by 

which Type I error related to multiple testing can be addressed (Bender & Lange, 2001).  

Bonferroni corrections, however, are considered among the most stringent of multiple 

test corrections and can subsequently lead to problematic Type II errors in the form of 

false negatives.  There are multiple test corrections that address issues of Type I error less 

restrictively than the Bonferroni technique.  One such method is the Benjamini and 

Hochburg False Discovery Rate (FDR) that considers both Type I and Type II errors in 

multiple tests (Benjamini & Hochberg, 1995).  The Benjamini-Hochberg technique 

represents a sequential approach that controls the false discovery rate by ordering the p-

values of tested predictors and individually adjusts the acceptable alpha for each tested 

item.  This method is less stringent than the Bonferroni technique, with researchers 

determining that this procedure results in greater power, compared to the use of the 

Bonferroni technique (Williams et al., 1999).     

This study will correct for any issues related to multiple testing through the use of 

the Benjamini-Hochberg FDR procedure.  For each of the three HGLM data structures 

(juveniles across neighborhoods, juveniles across programs, and juveniles across 

neighborhoods and programs), two sets of four models (as there are four distance 

measures: Euclidean distance, public transit time, social distance: SES, and social 

distance: race) will be run that estimate the effects of distance and control variables on 

the two types of treatment non-completion.  Similarly, three sets of two models will be 

run that estimate the effects of both types of treatment non-completion on the three 
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recidivism offense type outcomes.  For each set of models, the Benjamini-Hochberg 

procedure will be used to identify variables that have been determined to be significant 

predictors of the outcomes, but in actuality, are likely significant due to error.  The use of 

this multiple correction procedure has been greatly simplified through the utilization of a 

process described by Thissen et al. (2002). 

In summary, this analysis will include a two-stage process that builds both two-

level and cross-classified hierarchical linear models to determine whether and under what 

circumstances distance influences program non-completion and recidivism for juvenile 

offenders.  The next chapter describes the results of these analyses. 
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CHAPTER FOUR: RESULTS 
 
 This section will proceed with a description of the results producedby the analyses 

set forth in the preceding chapter.  These include descriptive statistics of all variables to 

be entered into analytic models, bivariate statistics of control variables, bivariate statistics 

of the distance measures calculated, t-tests examining differences between distance 

measures on several indicators, and the results of the hierarchical model building process 

that led to the construction of cross-classified models. 

Univariate Statistics 
 

Beginning with the outcome measures, the descriptive statistics shown in Table 2 

indicate that treatment non-completion due to dropout (20%) and expulsion (13%) occurs 

for approximately one-third of the juvenile population.  Post-treatment recidivism is an 

even rarer phenomenon, with only eight percent of juveniles later detected committing a 

drug offense, and five percent of the juveniles detected committing violent and five 

percent detected committing a property offense after treatment.  The individual-level 

descriptive statistics indicate that the juvenile population to be studied is largely Black, as 

only one-quarter of the juveniles are White (12%) or Hispanic (13%).  The mean age at 

first arrest for the population is just over fourteen years (14.21).  Fifteen percent of the 

juveniles have a parent with a criminal history, while nineteen percent have a parent with 

a history of drug abuse.  Regarding offense history, thirty percent of the juveniles have 

committed a prior drug offense and eighteen percent have committed a violent offense.  

Forty-three percent of the juveniles can be classified as being within a group, defined 

earlier as living within the same census tract and attending the same program at the same 

time as one or more juveniles in the dataset. 
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Table 2: Descriptive Statistics of Individual- and Neighborhood-Level Control Variables 

Variable Metric N Mean S.D. 
 
Outcomes 
  Non-Completion: Dropout 0=no, 1=yes 6208 0.20 -- 

  Non-Completion: Expulsion 0=no, 1=yes 6208 0.13 -- 

  Recidivism: Drug Crime 0=no, 1=yes 6208 0.08 -- 

  Recidivism: Violent Crime 0=no, 1=yes 6208 0.05 -- 

  Recidivism: Property Crime 0=no, 1=yes 6208 0.05 -- 

Level 1: Individual     

  In Group 0=no, 1=yes 6208 0.43 -- 

  Parental Drug Abuse 0=no, 1=yes 6208 0.19 -- 

  Parental Criminal History 0=no, 1=yes 6208 0.15 -- 

  Age at 1st Arrest (years) continuous 6201    14.21   1.70 

  White 0=no, 1=yes 6208 0.12 -- 

  Hispanic 0=no, 1=yes 6208 0.13 -- 

  Gender (female) 0=no, 1=yes 6208 0.11 -- 

  Prior Drug Offense 0=no, 1=yes 6208 0.30 -- 

  Prior Violent Offense 0=no, 1=yes 6208 0.18 -- 

  Aftercare Case 0=no, 1=yes 6208 0.30 -- 

Level 2: Neighborhood     

 Disadvantage         scale item       45   

     Below Poverty Line proportion 45 0.17 0.09 

     Unemployment proportion 45 0.07 0.03 

     On Welfare proportion 45 0.04 0.03 

     Income -17 - 0 45 -9.21 1.71 

  Social Capital scale item 45   

    Belong 1-5 45 3.07 0.11 

    Trust 1-5 45 2.75 0.22 

    Help Neighbors 1-5 45 3.45 0.20 

    Participate (# of groups) continuous 45 0.75 0.17 

Level 2: Program     

  Average Length of Stay (months) continuous 24     9.10     5.37 
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Table 3: Descriptive Statistics of Distance Measures 

Variable Metric N Min Max Mean S.D. 

  Euclidean/Straight Line Miles 6208 0.02   20.58 4.33 3.29 

  Street Network Distance Miles 6208 0.03   23.01 5.13 3.68 

  Street Network Time Minutes 6208 0.04   30.70 7.75 4.72 

  Public Transit Time Minutes 6208 0.10 179.84    46.07    28.41 

  Social Distance: Disadvantage continuous 6208 -2.59     3.00     -0.63 1.11 

  Social Distance: Social Capital continuous 6208 -2.51     3.23  0.55 0.76 

  Social Distance: Race continuous 6208 0.06     1.00  0.60 0.36 

  Social Distance: Violence continuous 6208 -169.95  155.54     -4.86   66.51 
 

 

The descriptive statistics for the calculated distance measures are illustrated in 

Table 3.  Table 3 first indicates that the average Euclidean distance between the homes of 

the juveniles in this study and the location of the treatment programs they attend is 4.33 

miles.  The large range of this indicator (0.02 – 20.58) highlights the vast differences in 

linear distance to treatment for the juvenile offenders.  The street network distance item 

shows that the average distance traveled by personal vehicle is slightly higher than 

Euclidean distance.  This is to be expected, as travel through a city cannot occur through 

buildings and other impedances.  Descriptive statistics for the street network time 

variable is a bit surprising, as it indicates that the average time traveled by juveniles via 

personal vehicle is just under eight minutes.  This value is much lower than expected.  As 

mentioned earlier in the methodology section, however, this calculation was based on the 

length and speed limits of the streets to be traversed by vehicles but does not take wait 

time due to traffic or stop lights into account.  With that in mind, the low values 

calculated become less surprising.  The other distance measure that captures travel time, 

public transit time, presents a much different reality of travel through a large, urban 

landscape.  While the range of this item is large (0.10 – 179.84), this variable indicates 
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that the average time traveled by juveniles via public transportation is just over forty-six 

minutes, with the longest trip taking just under three hours.  While this item may appear 

to overestimate the time necessary to travel to treatment programs via walking, bus, 

and/or subway, it likely represents a more accurate measure of time traveled for the 

juvenile offenders than does the street network time item.   

The four social distance measures indicate that there is variation in the racial 

makeup, economics, and crime rates between the neighborhoods of the juveniles and the 

programs they attend.  The mean value for social distance: disadvantage (-0.63) indicates 

that, on average, the juveniles in the dataset attend treatment within neighborhoods that 

are less disadvantaged than is their home neighborhood.  The mean value for social 

distance: social capital (0.55) indicates nearly the same, that juvenile offenders, on 

average, attended programs in neighborhoods characterized by higher levels of social 

capital.  The mean value for social distance: race (0.60) indicates that juveniles attended 

treatment within neighborhoods in which, on average, forty percent of neighborhood 

residents are of the same racial group as the juvenile.  The negative mean value for social 

distance: violence (-4.86) indicates that juveniles attended treatment in neighborhoods 

that are characterized, on average, by less violent crime than are their home 

neighborhoods. 

Bivariate Statistics 
 

A bivariate analysis reveals that there are no issues of multicollinearity between 

the individual-level variables.  Therefore, all individual-level variables can be entered 

together in the subsequent models.  A similar analysis of Pearson’s correlations 

coefficients between disadvantage and social capital at the neighborhood-level indicates 
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that the two predictors representing community context are highly correlated (0.799**).  

This confirms the theoretical construction of these two indices by showing that they 

represent opposing processes within neighborhoods.  As a result of this correlation, they 

cannot be entered together into models.  In light of the high correlation between these 

scales, and due to a desire to limit what will already be a large number of models, only 

disadvantage at the neighborhood-level will be included in subsequent models.  Prior 

research using the same neighborhood-level data has found that both scales predict 

juvenile recidivism in a similar, albeit opposite, manner, which suggests that the 

exclusion of social capital will not unduly influence the results of the analyses to be run 

(Grunwald et al., in press). 

 Pearson’s correlation coefficients for the eight distance measures are shown in 

Table 4.  The first interesting finding in Table 4 stems from the correlations between the 

four linear and temporal distance measures.  Euclidean distance is shown to be highly 

correlated with street network distance (.996**), street network time (.981**), and public 

transit time (.893**).  Not unexpectedly, the linear and temporal distance measures are 

not highly correlated with the social distance measures.  The correlations between the 

social distance measures indicate that disadvantage is highly correlated with social capital 

(.761**) and violence (-.854**), and moderately correlated with race (.505**).  The 

correlation coefficients displayed in Table 3 suggest that several of the distance measures 

can be removed from this analysis due to autocorrelation. 
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Table 4: Correlation Coefficients of Distance Measures 

  Euclidean 
Street 
Miles 

Street 
Minutes 

Transit 
Minutes SES 

Social 
Capital Race Violence 

Euclidean 1 
       

Street Distance .996** 1 
      

Street Minutes .981** .988** 1 
     

Transit Minutes .893** .900** .876** 1 
    

Disadvantage .060** .048** .027** .014 1 
   

Social Capital .183** .185** .169** .187** .761** 1 
  

Race .238** .230** .228** .152** .505** .292** 1 
 

Violence -.063** -.044** -.010 -.049** -.854** -.554** -.513** 1 

* p < .05, ** p < .01 

  

 To further understand how the distance measures are related, independent samples 

t-tests were run to examine differences between juvenile offenders who both dropped out 

and were expelled from treatment and the calculated distance measures.  The results 

indicate that there are no significant differences between juvenile offenders who dropped 

out of treatment, and those who did not.  Regarding differences between juvenile 

offenders who were expelled from their treatment programs and those who were not, 

significant differences for social distance: violence, social distance: disadvantage, and 

social distance: social capital were detected. 

 The results of the bivariate correlations and t-tests reveal many significant 

relationships between the distance measures created for the present analysis.  Based on 

these results, four distance measures were selected for inclusion in subsequent 

hierarchical linear models.  These measures include Euclidean distance, public transit 
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distance, social distance: disadvantage, and social distance: race.  Euclidean distance, 

highly correlated with both street network measures, was selected due to its relative ease 

of calculation.  If it is found to significantly influence the outcome measures, it is more 

simply calculated than both street network distance and street network time.  As a result, 

the inclusion of Euclidean distance is of greater utility to the practitioners who are most 

able to utilize the results of this analysis.  The utility of Euclidean distance, relative to 

other measures of distance, in research on the relationship between space and crime is 

supported by the literature (Groff & McEwen, 2007).  Additionally, the very high 

correlation coefficients that represent the relationships between Euclidean distance and 

street network distance (0.996**) and Euclidean distance and street network time 

(0.981**) indicate that models that include street network distance and time would find 

nearly identical results.  Although public transit time is also highly correlated with 

Euclidean distance, it represents a more comprehensive and interesting measure of 

distance for urban juveniles, and as such, will also remain to be modeled.   

The correlation coefficients and t-tests also reveal similarities between social 

distance: disadvantage, social distance: social capital, and social distance: violence.  This 

is hardly surprising, considering the spatial autocorrelation of several similar items in an 

earlier analysis of juvenile offenders in Philadelphia (Grunwald et al., in press).  Social 

distance: disadvantage was selected among these three measures to be included in 

subsequent models due to its relative ease of interpretation and proliferation in the 

literatures on spatial effects.  Social distance: race represents a perception of race within 

neighborhoods by juvenile offenders that could be argued to be more readily considered 

by juveniles than their thoughts on differences between disadvantage, social capital, or 
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violence in their neighborhoods and the neighborhoods housing the treatment programs 

to which they travel. 

HGLM 
 

Empty Models 
 

With the selection of distance measures completed, the analysis proceeds with the 

estimation of hierarchical models.  The initial step when estimating hierarchical models 

with dichotomous outcomes requires the estimation of empty models that include only 

the outcome measures.  This process allows for the calculation of intervals of plausible 

values (IPV) that indicate the degree to which the probability of the outcome measures 

vary across level-two units.  In this analysis, two sets of IPVs were calculated for all five 

of the outcome measures in models that included neighborhood and program context.  

IPVs with greater distance between intervals represent outcomes that vary to a greater 

extent across level-two units. 

The IPVs calculated to describe the variation in outcome measures across 

neighborhoods and programs are very similar.  Across neighborhoods, the IPVs for the 

probability of the outcome measures are as follows: treatment non-completion due to 

dropout (.19, .21), treatment non-completion due to expulsion (.12, .13), drug recidivism 

(.07, .08), violent recidivism (.05, .06), and property recidivism (.05, .06).  Across 

programs: treatment non-completion due to dropout (.21, .23), treatment non-completion 

due to expulsion (.11, .13), drug recidivism (.07, .08), violent recidivism (.05, .06), and 

property recidivism (.05, .06).  In addition to being very similar, the two sets of IPVs 

show how little the outcome measures vary across both types of level-two units.  

Although this finding does not suggest against the usage of hierarchical models, it does 
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reduce the benefits of HGLM.  Nevertheless, hierarchical modeling is still the ideal 

methodological technique with which to analyze this data due to the unique nesting of 

juvenile offenders within both neighborhoods and programs. 

The hierarchical models to be presented include the final iterations of the model-

building process described in the previous chapter.  These models include all individual-, 

neighborhood-, and program-level predictors listed in Table 2 that are theoretically 

expected to influence the outcome measures.  Of the interaction terms, the final models 

presented include only the joint effects that have been found to be significant predictors 

of the treatment non-completion.  Similarly, the models presented do not include the 

effects of distance measures varied across level-two units, as preliminary analyses have 

concluded that the distance measures do not significantly influence treatment non-

completion when permitted to vary across neighborhoods or programs.  The models to be 

reported, then, represent the final iterations of a lengthy model-building process.   

Two-Level Models 

 The odds ratios and standard errors for each predictor are reported for all HGLM 

results reported in this chapter.  Odds ratios are easily interpretable statistics that 

represent the increased or decreased likelihood of outcome measures based on the 

magnitude of the odds ratio.  As an example, for a dichotomous variable representing 

whether an offender has been arrested for a drug offense (0 = no, 1 = yes) with a 

significant odds ratio of 1.75 in a model that predicts recidivism, it can be said that the 

odds of recidivating are seventy-five percent higher for offenders who have committed a 

drug offense, relative to those who have not.  Standard errors for each predictor included 

in the models are shown in parentheses following the odds ratios.  
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The reporting of two-level models will begin with results from the models that analyze 

distance and treatment effects while controlling for neighborhood context.  The effects of 

distance measures on treatment non-completion will be separated by non-completion 

type, so that the first table reports models of treatment non-completion due to dropout 

and the second reports models of treatment non-completion due to expulsion.  Following 

those results, a third table will then show the effects of treatment non-completion as a 

predictor of juvenile recidivism, disaggregated by recidivism offense type. 

The results for the effects of distance to treatment on likelihood of treatment non-

completion due to dropout are shown in Table 5.  Beginning with the effects of the 

individual-level control variables, Table 5 shows that the predictors representing aftercare 

cases and prior drug offense are significant predictors across all four models.  They act to 

increase the odds of failing to complete treatment in a similar fashion in all four of the 

models.  Interestingly, Hispanic is a predictor of dropout when including social distance: 

disadvantage and White is a predictor of dropout when including social distance: race.  

Group membership does not influence the odds of treatment dropout.   

 At the neighborhood-level, an increase in neighborhood disadvantage acts to 

increase the likelihood of dropout in models that include Euclidean, public transit, and 

social distance: race.  The lack of significance of neighborhood disadvantage in Model 3 

could be due to the inclusion of a neighborhood-related predictor in the form of social 

distance: disadvantage. 
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Table 5: Individual- and Neighborhood-Level Predictors of Treatment Non-Completion 
Due to Dropout 

Model 1 2 3 4 

Individual-Level 

White 1.03 (.13) 0.99 (.13) 1.09 (.13) 1.97 (.18)*** 

Hispanic 1.17 (.08) 1.15 (.08) 1.25 (.08)** 1.06 (.10) 

Gender 1.10 (.11) 1.12 (.11) 1.06 (.10) 1.10 (.11) 

Age 1st Arrest 1.00 (.04) 0.99 (.04) 1.02 (.04) 1.03 (.04) 

In Group 0.91 (.07) 0.93 (.07) 0.87 (.07)† 0.91 (.07) 

Parent Crim 1.02 (.08) 1.02 (.08) 1.01 (.08) 1.00 (.08) 

Prior Drug 1.34 (.06)*** 1.33 (.06)*** 1.34 (.06)*** 1.33 (.06)*** 

Prior Violent 1.07 (.07) 1.07 (.07) 1.08 (.07) 1.09 (.08) 

Aftercare Case 1.57 (.06)*** 1.57 (.06)*** 1.65 (.06)*** 1.74 (.06)*** 

Distance 

Euclidean 1.31 (.03)*** -- -- -- 

Transit -- 1.36 (.03)*** -- -- 
S.D. 
Disadvantage -- -- 0.89 (.11) -- 

S.D. Race -- -- -- 1.67 (.14)** 

Interactions 

S.D. Dis*White -- -- 1.25 (.11)† -- 

S.D. Race*White -- -- -- 0.65 (.13)** 

Neighborhood-Level 

Disadvantage 1.29 (.05)*** 1.29 (.05)*** 1.06 (.04) 1.14 (.04)** 

Random Effects 
σ

2 
   0.02    0.02    0.00    0.00 

χ
2 

56.61 57.26 29.60 30.52 

*** p < .001, ** p < .01, * p < .05 

† no longer significant after multiple testing correction 
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The effects of distance on treatment non-completion due to dropout shown in 

Table 5 indicate that Euclidean, public transit, and social distance: race are significant 

predictors of non-completion due to dropout.  However, because the model including 

social distance: race also includes an interaction term that combines social distance: race, 

it would be inappropriate to interpret the main effect of this predictor.  Both Euclidean 

and public transit distance have odds ratios greater than one, indicating that the likelihood 

of dropping out of treatment increases as distance to treatment increases.  Based on the 

standard deviations of these distance measures, it can be said that an increase of 3.29 

miles to treatment increases the odds of a juvenile offender failing to complete treatment 

due to dropout by thirty-one percent, and an increase of 28.41 public transit travel 

minutes to treatment increases the odds of a juvenile offender failing to complete 

treatment due to dropout by thirty-six percent.   

Only the interaction terms that combined the effects of being White with two of 

the distance measures were found to be significant in earlier analyses and were included 

in the final models presented in Table 5.  The interaction term in Model 4 of Table 5, 

representing the joint effects of social distance: race and being White, is a significant 

predictor of treatment non-completion due to dropout.  In order to more easily interpret 

this relationship, the graph illustrated in Figure 7 shows how the effects of social 

distance: race on non-completion due to dropout differ between White and non-White 

juvenile offenders. 
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Figure 7: Probability of Treatment Non-Completion Due to Dropout by Social Distance: 
Race and Juvenile Race 

 
 

Figure 7 indicates that both White and non-White juvenile offenders experience a 

similar decrease in the probability of dropping out of treatment as they travel into 

program neighborhoods that contain slightly lower proportions of their racial group.  But, 

when forced to travel into program neighborhoods that contain very few members of their 

racial group, as evidenced by the change in probabilities from medium to high in Figure 

7, both Whites and non-Whites experience an increase in the probability of dropping out 

of treatment.  The significant effect denoted by this interaction can be seen in the change 

for both Whites and non-Whites as they go from medium to high in Figure 7.  Although 

both racial groups experience an increase in the probability of dropping out of treatment, 

the increase is much more pronounced for non-Whites, who experience a 0.1 increase in 

the odds, compared to the increase of 0.03 experienced by Whites.  This interaction term 
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indicates that non-Whites are affected to a greater degree by an increase from moderate to 

high values in social distance: race, than are Whites.  Prior models indicated that the 

effects of distance on treatment dropout do not significantly vary across neighborhoods, 

resulting in the exclusion of such an effect in the models presented. 

 Results of models estimating the effects of distance on treatment non-completion 

are shown in Table 6.  A review of individual-level effects shows that the juvenile traits 

that influence non-completion due to dropout are different from those that influence non-

completion due to expulsion.  Gender is a significant predictor of expulsion in all four 

models, indicating that the odds of female juvenile offenders being expelled from 

treatment are nearly seventy percent less when compared to males.  Juveniles with 

parents who have a criminal history experience an almost fifty percent increase in the 

odds that they will be expelled from treatment.  Unsurprisingly, juvenile offenders with a 

prior violent offense are more than twenty-five percent more likely to be expelled from 

treatment than are their non-violent peers.  As with non-completion due to dropout, 

juveniles designated as aftercare cases are also more likely to be expelled from treatment, 

specifically with an increase of fifty to fifty-seven percent in the odds of expulsion across 

the four models.  Interestingly, the odds of expulsion only increase for Hispanics and 

juveniles attending treatment in a group in Model 4 that contains social distance: race.  

Also indicated in Model 4, Hispanics are less likely to be expelled while juveniles in 

groups experience a twenty-five percent increase in those odds. 
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Table 6: Individual- and Neighborhood-Level Predictors of Treatment Non-Completion 
Due to Expulsion 

Model 1 2 3 4 

Individual-Level 

White 0.74 (.13) 0.73 (.13)* 0.74 (.12) † 1.08 (.21) 

Hispanic 0.78 (.11) 0.77 (.11) † 0.80 (.11) † 0.70 (.12)** 

Gender 0.33 (.16)*** 0.33 (.16)*** 0.34 (.16)*** 0.35 (.16)*** 

Age 1st Arrest 1.00 (.04) 0.99 (.04) 1.00 (.04) 1.00 (.04) 

In Group 1.19 (.08) † 1.19 (.08) † 1.22 (.08)† 1.25 (.08)** 

Parent Crim 1.48 (.08)*** 1.49 (.09)*** 1.48 (.09)*** 1.47 (.09)*** 

Prior Drug 1.34 (.09) † 1.20 (.09) † 1.34 (.06) † 1.23 (.09) † 

Prior Violent 1.27 (.07)** 1.26 (.07)** 1.27 (.07)** 1.29 (.08)** 

Aftercare Case 1.50 (.10)*** 1.50 (.10)*** 1.56 (.10)*** 1.57 (.10)*** 

Distance 

Euclidean 1.04 (.04) -- -- -- 

Transit -- 1.03 (.04) -- -- 
S.D. 
Disadvantage -- -- 1.09 (.04) † -- 

S.D. Race -- -- -- 1.46 (.15)* 

Interactions 

S.D. Race*White -- -- -- 0.73 (.15) † 

Neighborhood-Level 

Disadvantage 1.16 (.05)* 1.17 (.05)** 1.09 (.06) 1.15 (.05)* 

Random Effects 
σ

2    0.02    0.02    0.02    0.02 

χ
2 52.13 52.91 51.64 53.05 

*** p < .001, ** p < .01, * p < .05 

† no longer significant after multiple testing correction 
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The effects of disadvantage at the neighborhood-level are very similar to those in 

the models of non-completion due to dropout.  Table 6 shows that community 

disadvantage increases the odds of recidivating in models that include Euclidean distance, 

public transit time, and social distance: race.  As with the models estimating the effects of 

disadvantage on non-completion due to dropout, the lack of significant influence of 

neighborhood disadvantage on non-completion due to expulsion in Model 3 could be due 

to the inclusion of social distance: disadvantage in that model. 

 With the exception of social distance: race in Model 4, no distance measures have 

a significant effect on treatment non-completion due to expulsion.  Because Model 4 

includes an interaction term that represents the joint effects of social distance: race and 

being White, it is not appropriate to interpret the main effect of social distance: race.  Of 

the interaction terms tested, only the one that represents the joint effects of social 

distance: race and being White was found to be a significant predictor of treatment 

expulsion in earlier models.  Table 6, however, shows that the joint effects of social 

distance: race and being White is no longer significant after undergoing a multiple testing 

correction.  The effects of distance were not found in earlier models to significantly vary 

across neighborhoods and were not entered into the models presented in Table 6. 

 Having now determined the distance-based effects on treatment non-completion, 

the results of models that estimate the impact of treatment non-completion on juvenile 

recidivism are reported in Table 7.   
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Table 7: Individual- and Neighborhood-Level Predictors of Juvenile Recidivism 

Model 1 2 3 4 5 6 

  Drug Drug Violent Violent Property Property 

Individual-Level 

White 0.72 (.20) 0.73 (.20) 0.90 (.18) 0.91 (.18) 1.36 (.20) 1.38 (.20) 

Hispanic 1.47 (.13)** 1.49 (.13)** 0.73 (.16)† 0.74 (.16) 0.98 (.23) 1.01 (.23) 

Gender 0.19 (.33)*** 0.19 (.33)*** 0.58 (.24)† 0.60 (.23)† 0.27 (.33)*** 0.28 (.32)*** 

Age 1st Arrest 1.16 (.06)† 1.16 (.05)† 0.92 (.06) 0.92 (.06) 1.01 (.05) 1.01 (.05) 

In Group 1.16 (.07)† 1.15 (.07)† 0.86 (.15) 0.85 (.15) 1.11 (.13) 1.09 (.13) 

Parent Crim 1.05 (.12) 1.05 (.12) 1.13 (.16) 1.11 (.16) 0.93 (.15) 0.93 (.15) 

Prior Drug 3.01 (.09)*** 3.07 (.09)*** 0.78 (.11)† 0.77 (.11)† 0.82 (.11) 0.83 (.11) 

Prior Violent 1.12 (.11) 1.13 (.11) 1.71 (.15)*** 1.69 (.15)** 1.07 (.14) 1.07 (.15) 

Aftercare Case 1.85 (.08)*** 1.91 (.08)*** 1.14 (.12) 1.12 (.12) 1.06 (.13) 1.09 (.13) 

Non-Completion 

Dropout 1.49 (.12)**   -- 1.07 (.13)     -- 1.54 (.12)**   -- 

Expulsion   -- 0.90 (.11) -- 1.50 (.17)†   -- 1.18 (.15) 

Neighborhood-Level 

Disadvantage 1.13 (.07) 1.15 (.07) 1.04 (.08) 1.03 (.08) 0.98 (.06) 0.99 (.06) 

Random Effects 
        σ2   0.00   0.00   0.07   0.07    0.02   0.02 

        χ2 52.78 53.37 66.09* 65.93*  49.07 49.39 

*** p < .001, ** p < .01, * p < .05 

† no longer significant after multiple testing correction 
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Models 1 and 2 examine the effects of treatment non-completion on juvenile drug 

recidivism, Models 3 and 4 on juvenile violent recidivism, and Models 5 and 6 on 

juvenile property recidivism.  Consistent across all three sets of models is the finding that 

predictors behave very similarly whether including non-completion due to dropout or 

expulsion.  Beginning with Models 1 and 2, an examination of individual-level effects 

indicate that the effects of being Hispanic, female, having a prior drug offense, and being 

an aftercare case significantly influence the likelihood of recidivating with a drug 

offense.  Having committed a prior drug offense is particularly influential, as it increases 

the odds of recidivating by more than 200 percent.  The odds ratios of the other 

significant predictors indicate that Hispanic juveniles and juveniles designated as 

aftercare cases are more likely to recidivate with a drug offense, and females are much 

less likely to recidivate with a drug offense than are males.  Neighborhood disadvantage 

does not significantly predict juvenile drug recidivism. 

 Non-completion due to dropout is a significant predictor of drug recidivism, but 

non-completion due to expulsion is not.  Specifically, the odds of recidivating with a drug 

offense for juveniles who have failed to complete treatment due to dropout are nearly 

fifty percent greater than for those who have not. 

 Models 3 and 4 present very different results when compared to Models 1 and 2.  

The only significant predictor of violent recidivism among juveniles is the presence of a 

prior violent offense.  Juvenile offenders who have committed a prior violent offense are 

approximately seventy percent more likely to recidivate with a violent offense than are 

their peers.  Neither neighborhood disadvantage nor treatment non-completion is a 

significant predictor of juvenile violent recidivism. 
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The results in Models 5 and 6 indicate that gender is the only individual-level 

control variable that significantly predicts juvenile property recidivism.  As in Models 1 

and 2, females are much less likely to recidivate with a property offense, with a decrease 

in odds of nearly seventy-five percent.  Consistent with the results in Models 1 and 2, 

treatment non-completion due to dropout is a significant predictor of juvenile property 

recidivism, but non-completion due to expulsion is not.  Mimicking the effect in Model 1, 

Model 5 indicates that juvenile offenders who fail to complete treatment due to dropout 

experience a fifty-four percent increase in the odds that they will recidivate with a 

property offense. 

This portion of the analysis makes it clear that dropping out of treatment increases 

the likelihood of future offending amongst juvenile offenders.  Having examined the 

effects of distance and treatment non-completion on the outcomes measures, while 

controlling for neighborhood disadvantage, this chapter will now move to reporting the 

results of a similar set of models that includes program context at level-two.  The results 

of these models will be reported in the same way as the results shown above. 

 The effects of distance on treatment non-completion due to dropout, while 

controlling for individual- and program-level context, are illustrated in Table 8.  Table 8 

shows that predictors representing Hispanic race, prior drug offense, and a designation as 

an aftercare case all serve to increase the likelihood of juvenile offenders dropping out of 

treatment.  For the most part, the effects of these predictors are very stable across the four 

models.  The effects of being Hispanic, having committed a prior drug offense, and being 

classified as an aftercare case all serve to increase the odds of failing to complete 

treatment. 
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Table 8: Individual- and Program-Level Predictors of Treatment Non-Completion Due to 
Dropout 

Model 1 2 3 4 
Individual-Level 
White 0.91 (.10) 0.93 (.11) 0.92 (.10) 0.92 (.08) 
Hispanic 1.23 (.05)*** 1.23 (.05)*** 1.19 (.06)** 3.17 (.36)** 
Gender 0.98 (.18) 1.25 (.12) 1.25 (.12) 1.27 (.13) 
Age 1st Arrest 0.98 (.03) 0.98 (.03) 0.99 (.03) 0.99 (.03) 
In Group 1.13 (.06)† 1.12 (05)† 1.10 (.06) 1.14 (.06)† 
Parent Crim 1.01 (.07) 1.01 (.07) 0.99 (.06) 1.00 (.06) 
Prior Drug 1.35 (.09)** 1.35 (.09)** 1.33 (.09)** 1.34 (.09)** 
Prior Violent 1.02 (.06) 1.03 (.06) 1.02 (.06) 1.02 (.06) 
Aftercare Case 1.32 (.07)*** 1.32 (.07)*** 1.33 (.07)*** 1.35 (.07)*** 
Distance 
Euclidean 0.80 (.19) -- -- -- 
Transit -- 0.95 (.08) -- -- 
S.D. Disadvantage -- -- 0.90 (.07) -- 
S.D. Race -- -- -- 1.38 (.15)† 
Interactions 
Euclidean*Gender 1.27 (.11)† -- -- -- 
S.D. Dis*White -- -- 1.25 (.06)*** -- 
S.D. Race*Hispanic -- -- -- 0.59 (.36)† 
Program-Level 
Program Length 1.18 (.09) 1.21 (.10) 1.13 (.10) 1.19 (.10) 
Random Effects 
        σ2      0.30     0.31     0.31    0.31 
        χ2 225.38*** 231.86*** 247.28*** 222.30*** 
*** p < .001, ** p < .01, * p < .05 
† no longer significant after multiple testing correction 
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Program length is not a significant predictor of treatment non-completion due to 

dropout in any of the four models shown in Table 8.  As in the neighborhood-level 

analyses, none of the distance measures significantly influence treatment dropout when 

permitted to vary across programs.   

Compared to the corresponding effects in the earlier models that controlled for 

neighborhood context, the effects of distance on treatment dropout are much weaker.  

Inclusion of program length appears to have reduced the impact that distance to treatment 

has on treatment dropout.  As a result, no distance measures have a significant effect on 

treatment non-completion due to dropout.  There is, however, one significant interaction 

term in these models that includes a measure of distance to treatment.  Model 3 shows 

that the joint effects of social distance: disadvantage and being White significantly 

influence the likelihood of dropping out of treatment.  To interpret this effect, the 

differing influence of social distance: disadvantage on the probability of dropping out of 

treatment for Whites and non-Whites is illustrated in Figure 8. 

 Figure 8 shows that Whites and non-Whites differ in terms of the likelihood of 

dropping out of treatment as they move from low to high on disadvantage.  Both Whites 

and non-Whites are more likely to drop out of treatment as they go from low to medium 

values of social distance: disadvantage.  An increase from low to medium on this 

predictor indicates that juveniles are traveling to programs located in neighborhoods that 

are more disadvantaged than their home neighborhoods.  The significant difference 

between Whites and non-Whites occurs when juveniles go from medium to high on 

social distance: disadvantage.  This represents travel to treatment program neighborhoods 

that are considerably more disadvantaged than their home neighborhoods. 
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Figure 8: Probability of Treatment Non-Completion Due to Dropout by Social Distance: 
Disadvantage and Juvenile Race 

 

 As can be seen in Figure 8, White juveniles are not more likely to drop out of 

treatment as they go from medium to high on social distance: race; the only increase for 

White juveniles is experienced between low and high on the scale of this predictor.  It 

appears as if the degree of neighborhood disadvantage increase does not matter to White 

juveniles; simply traveling to a neighborhood that is more disadvantaged than their own 

increases the likelihood that they will drop out of treatment.  There is no increase in the 

probability of treatment non-completion between White juveniles who travel a medium 

and high social distance: disadvantage to treatment.  Non-White juvenile offenders, 

however, experience a consistent increase in the likelihood of dropping out of treatment 

as they move from low to medium to high on the scale of social distance: disadvantage. 
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 Table 9 reports the results of the effects of distance to treatment on treatment non-

completion due to expulsion, while controlling for individual- and program-level context.  

As with the results shown in Table 8, the effects of the predictors are generally consistent 

across models.  Table 9 indicates that different individual-level correlates significantly 

predict non-completion due to expulsion, compared to dropout.  Gender significantly 

predicts non-completion due to expulsion: females are much less likely to be expelled 

from treatment than are males.  The effect of being in a group also significantly 

influences treatment expulsion, with the exception of Model 3, with the effect of 

increasing the odds of expulsion by about thirty percent.  The only similarly significant 

effect present in both Tables 8 and 9 lies with the influence of being an aftercare case to 

increase the odds of being expelled from treatment.  As in Table 8, program length does 

not have a significant effect on expulsion from treatment.  Nor do the effects of distance 

significantly vary across programs. 

Of the distance measures, only social distance: disadvantage significantly 

influences treatment expulsion.  With an odds ratio of 1.14, social distance: disadvantage 

increases the odds of expulsion by fourteen percent, indicating that the likelihood of 

being expelled from treatment increases as juveniles travel into program neighborhoods 

that are more disadvantaged than their own.  Although only social distance: disadvantage 

was found to significantly predict treatment expulsion, two interaction terms that 

combine Euclidean distance and transit time with juvenile race are identified in Table 9 

as significant correlates of treatment expulsion.  Two others, combining social distance: 

race with juvenile race and gender, are no longer significant predictors of treatment 

dropout after being corrected for multiple testing error. 
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Table 9: Individual and Program-Level Predictors of Treatment Non-Completion Due to 
Expulsion 

Model 1 2 3 4 
Individual-Level 
White 1.03 (.18) 1.24 (.16) 0.72 (.14)† 0.67 (.15)† 
Hispanic 0.88 (.09) 0.87 (.09) 0.82 (.10)† 0.26 (.50)** 
Gender 0.35 (.07)*** 0.35 (.07)*** 0.35 (.07)*** 0.25 (.11)*** 
Age 1st Arrest 0.99 (.06) 0.98 (.06) 0.99 (.06) 0.99 (.05) 
In Group 1.29 (.09)** 1.29 (.09)** 1.27 (.10)† 1.32 (.09)** 
Parent Crim 1.49 (.16)† 1.49 (.16)† 1.48 (.16)† 1.48 (.16)† 
Prior Drug 1.22 (.09)† 1.22 (.09)† 1.21 (.09)† 1.23 (.09)† 
Prior Violent 1.25 (.14) 1.24 (.14) 1.25 (.14) 1.28 (.13) 
Aftercare Case 1.24 (.07)** 1.24 (.07)** 1.24 (.07)** 1.20 (.08)† 
Distance 
Euclidean 1.20 (.09)† -- -- -- 
Transit -- 1.33 (.11)† -- -- 
S.D.: Disadvantage -- -- 1.14 (.04)** -- 
S.D.: Race -- -- -- 0.54 (.27)† 
Interactions 
Euclidean*White 0.72 (.11)** -- -- -- 
Transit*White -- 0.65 (.12)** -- -- 
S.D: Race*Hispanic -- -- -- 2.04 (.30)† 
S.D: Race*Gender -- -- -- 1.29 (.11)† 
Program-Level 
Program Length 1.11 (.05) 1.10 (.06) 1.03 (.06) 1.08 
Random Effects 
        σ2    0.08    0.08    0.09    0.09 
        χ2 60.51*** 56.17*** 66.07*** 60.37*** 
*** p < .001, ** p < .01, * p < .05 
† no longer significant after multiple testing correction 
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The first of the significant interaction terms represents the joint effects of 

Euclidean distance and juvenile race White.  To properly interpret this interaction term, 

the probability of treatment expulsion by Euclidean distance is shown for both Whites 

and non-Whites in Figure 9.  The differing effects of Euclidean distance between Whites 

and non-Whites can be clearly seen as juveniles move from a medium to high linear 

distance to treatment.  Surprisingly, the effect of going from a medium to high distance 

for both races is to decrease the odds of treatment expulsion.  The significant effect of 

this interaction lies in the differing magnitude of this decrease in odds for both Whites 

and non-Whites: Whites experience a greater decrease in the odds of treatment expulsion 

as they move from a medium to high distance to treatment, than do non-Whites. 

 

  

 

Figure 9: Probability of Treatment Non-Completion Due to Expulsion by Euclidean 
Distance and Juvenile Race 
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 The other significant interaction term shown in Table 9 lies in Model 2 that 

includes public transit distance in minutes.  This interaction is illustrated graphically in 

Figure 10.  Figure 10 indicates that while both Whites and non-Whites experience an 

increase in the odds of expulsion as they move from a low to medium public transit time, 

the trajectory of their movement from a medium to high public transit time is very 

different.  A comparison of juvenile offenders in the medium and high public transit time 

groups shows that White juveniles in the high transit distance group are much less likely 

to be expelled from treatment.  Non-White juveniles, on the other hand, experience an 

increase in the odds of expulsion as they move from medium to high on the scale of 

public transit time. 

 

 

 

Figure 10: Probability of Treatment Non-Completion Due to Expulsion by Public Transit 
Minutes and Juvenile Race 
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 The next step in this analysis estimated the effects of treatment non-completion on 

juvenile recidivism, while also controlling for program context.  Table 10 illustrates these 

results.  The results shown in Table 10 are nearly identical to those shown in Table 7 that 

included neighborhood context.  As in Table 7, Table 10 indicates that the individual-

level correlates of juvenile recidivism differ by recidivism offense type.  Gender, for 

example, significantly predicts both juvenile drug and property recidivism.  With odds 

ratios below 0.3, females are more than seventy percent less likely to recidivate with a 

drug or property offense, than are males. The only race-related predictor of recidivism 

occurs in Models 1 and 2 on juvenile drug recidivism, as being Hispanic increases the 

odds of recidivating with a drug offense by more than sixty percent.  Also unique to 

Models 1 and 2 are the effects of having a prior drug offense and being designated as an 

aftercare case, which both serve to increase the odds that a juvenile will recidivate with a 

drug offense.  The only significant predictor of juvenile violent recidivism is having a 

prior violent offense, which increase the odds that a juvenile will recidivate with a violent 

offense by approximately seventy percent.  The only significant predictor of juvenile 

property recidivism is the aforementioned effect of gender.  Program length does not 

significantly predict any type of juvenile recidivism. 

 As in the two-level neighborhood models, treatment non-completion due to 

dropout significantly increase the odds of recidivating with a drug and property offense, 

by roughly fifty percent for both recidivism offense types.  Treatment non-completion 

due to expulsion does not significantly predict any type of juvenile recidivism.  It is 

interesting to note, however, that the odds ratios for treatment expulsion in Models 4 and 
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6 indicate that treatment expulsion is positively related to violent and property 

recidivism.
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Table 10: Individual- and Program-Level Predictors of Juvenile Recidivism 

Model 1 2 3 4 5 6 
  Drug Drug Violent Violent Property Property 
Individual-Level 
White 0.67 (.20)† 0.67 (.20)† 0.88 (.12) 0.90 (.12) 1.40 (.15)† 1.41 (.16)† 
Hispanic 1.63 (.11)*** 1.66 (.10)*** 0.78 (.11)† 0.78 (.10)† 0.95 (.17) 0.98 (.17) 
Gender 0.20 (.29)*** 0.20 (.29)*** 0.57 (.37) 0.59 (.37) 0.27 (.29)*** 0.28 (.29)*** 
Age 1st Arrest 1.15 (.09) 1.15 (.09) 0.92 (.03)† 0.92 (.03)† 1.00 (.07) 1.00 (.07) 
In Group 1.21 (.08)† 1.23 (.08)† 0.86 (.13) 0.84 (.13) 1.11 (.07) 1.11 (.12) 
Parent Crim 1.06 (.20) 1.07 (.21) 1.14 (.16) 1.12 (.18) 0.93 (.16) 0.93 (.17) 
Prior Drug 3.08 (.14)*** 3.15 (.13)*** 0.78 (.12)† 0.77 (.11)† 0.81 (.15) 0.83 (.14) 
Prior Violent 1.12 (.11) 1.13 (.11) 1.71 (.13)*** 1.69 (.12)*** 1.07 (.13) 1.07 (.13) 
Aftercare Case 1.84 (.04)*** 1.90 (.05)*** 1.14 (.11) 1.12 (.12) 0.99 (.11) 1.00 (.10) 
Treatment Non-Completion 
Dropout 1.49 (.10)*** -- 1.08 (.10) -- 1.53 (.14)** -- 
Expulsion -- 0.91 (.14) -- 1.52 (.28) -- 1.17 (.10) 
Program-Level 
Program Length 1.02 (.03) 1.05 (.03) 0.97 (.03) 0.94 (.03) 0.97 (.03) 1.02 (.03) 
Random Effects 
        σ2    0.00    0.00    0.00    0.00    0.02    0.02 
        χ2 18.94 19.90 13.88 13.95 27.07 28.52 
*** p < .001, ** p < .01, * p < .05 
† no longer significant after multiple testing correction 
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Cross-Classified Models 
 
 Having constructed two sets of two-level models that estimated the effects of 

distance and non-completion on the outcome measures across neighborhoods and 

programs separately, this section of the chapter reports the results of models that 

simultaneously control for neighborhood and program context.  This section will proceed 

much like the prior section by reporting the results of models that estimate the effects of 

distance on treatment non-completion and concluding with the results of models that 

estimate the effects of treatment non-completion on juvenile recidivism. 

 The effects of distance to treatment on treatment non-completion due to dropout, 

while controlling for both neighborhood and program context, are displayed in Table 11.  

The results in Table 11 indicate that there are no significant predictors of treatment 

dropout in any of the four models, after correcting for multiple testing error.  Predictably, 

earlier analyses indicated that the joint effects of distance and juvenile demographics do 

not significantly predict treatment dropout and were therefore not included in the final 

models presented in Table 11.  Based on the two-level models, it was also unsurprising to 

note in earlier cross-classified iterations that the effects of distance did not significantly 

vary across neighborhoods or programs.  In sum, none of the four distance measures 

significantly influence the likelihood of dropping out of treatment.  However, the odds 

ratio for Euclidean distance (2.20) indicates a strong positive relationship between 

Euclidean distance and treatment dropout.  This is contrasted with the odds ratios for 

social distance disadvantage (0.72) and social distance: race (0.59), which describe 

negative relationships between social distance and the odds of treatment dropout.  

Although these relationships were not found to be significant, they are worth noting. 
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 Similar results are shown in Table 12, which reports the results of models that 

estimate the impact of distance when controlling for individual-, neighborhood-, and 

program-level context.  As in Table 11, no significant predictors were identified in these 

models.  However, the odds ratios for the distance measures in Table 12 illustrate 

interesting relationships between distance and treatment dropout when controlling for 

individual-, neighborhood-, and program-level context.  The odds ratios for the temporal 

and linear distance measures in Table 12 are below one, indicating that as Euclidean 

distance (0.60) and public transit time (0.79) increase, the odds of failing to complete 

treatment due to dropout decrease.  In contrast, the odds ratios for social distance: 

disadvantage (1.59) and social distance: race (1.28) depict a positive relationship between 

social distance to treatment and treatment dropout. 
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Table 11: Individual-, Neighborhood-, and Program-Level Predictors of Treatment Non- 
Completion Due to Dropout 

Model 1 2 3 4 
Individual-Level 
White 0.77 (.47) 0.96 (.47) 0.87 (.47) 2.16 (.61) 
Hispanic 0.63 (.66) 0.68 (.65) 0.71 (.66) 1.62 (.81) 
Gender 0.68 (.43) 0.71 (.43) 0.71 (.43) 0.73 (.43) 
Age 1st Arrest 0.93 (.12) 0.94 (.12) 0.94 (.12) 0.94 (.12) 
In Group 1.20 (.23) 1.23 (.23) 1.25 (.23) 1.22 (.23) 
Parent Crim 1.89 (.25)† 1.80 (.24)† 1.82 (.25)† 1.82 (.25)† 
Prior Drug 1.41 (.24) 1.42 (.24) 1.45 (.24) 1.39 (.24) 
Prior Violent 1.27 (.25) 1.26 (.25) 1.26 (.25) 1.27 (.25) 
Aftercare Case 1.18 (.28) 1.20 (.28) 1.24 (.28) 1.21 (.28) 
Distance 
Euclidean 2.20 (.33)† -- -- -- 
Transit -- 1.02 (.24) -- -- 
S.D: Disadvantage -- -- 0.72 (.28) -- 
S.D.: Race -- -- -- 0.59 (.30) 
Neighborhood-Level 
Disadvantage 1.14 (.15) 1.08 (.15) 1.02 (.15) 1.08 (.14) 
Program-Level 
Length 0.30 (.40)† 0.43 (.37)† 0.71 (.55) 0.82 (.50) 
Random Effects 
  Neighborhoods: 
        σ2    0.00    0.02    0.00    0.00 
        χ2 46.48 63.06 57.83 66.37 
  Programs: 
        σ2    0.00    0.00    0.00    0.00 
        χ2    1.16    2.13    2.11    2.11 
*** p < .001, ** p < .01, * p < .05 
† no longer significant after multiple testing correction 
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Table 12: Individual, Neighborhood-, and Program-Level Predictors of Treatment Non-   
Completion Due to Expulsion 

Model 1 2 3 4 
Individual-Level 
White 0.68 (.66) 0.62 (.65) 0.65 (.66) 0.41 (.87) 
Hispanic 0.80 (.66) 0.80 (.66) 0.68 (.68) 0.52 (.93) 
Gender 0.26 (.75) 0.26 (.75) 0.26 (.75) 0.25 (.75) 
Age 1st Arrest 1.01 (.14) 0.99 (.14) 0.99 (.14) 0.99 (.14) 
In Group 1.24 (.28) 1.21 (.28) 1.17 (.28) 1.21 (.28) 
Parent Crim 0.80 (.31) 0.82 (.31) 0.83 (.31) 0.83 (.31) 
Prior Drug 0.91 (.29) 0.90 (.29) 0.87 (.29) 0.90 (.29) 
Prior Violent 1.13 (.28) 1.14 (.28) 1.14 (.28) 1.14 (.28) 
Aftercare Case 1.38 (.32) 1.36 (.31) 1.26 (.32) 1.32 (.31) 
Distance 
Euclidean 0.60 (.37) -- -- -- 
Transit -- 0.79 (.28) -- -- 
S.D.Disadvantage -- -- 1.59 (.35) -- 
S.D. Race -- -- -- 1.28 (.40) 
Neighborhood-Level 
Disadvantage 0.67 (.21) 0.68 (.20) 0.72 (.22) 0.72 (.21) 
Program-Level 
Length 2.37 (.43)† 1.97 (.39) 0.98 (.63) 1.31 (.69) 
Random Effects 
  Neighborhoods: 
        σ2    0.11    0.08    0.16    0.15 
        χ2  52.80  52.24  56.18  55.18 
  Programs: 
        σ2    0.00    0.00    0.00    0.00 
        χ2    0.30    0.09    0.03    0.01 
*** p < .001, ** p < .01, * p < .05 
† no longer significant after multiple testing correction 

 

 

 

 

 

 

 

 



 
 

121

Table 13 further confirms the lack of predictive ability by the cross-classified 

models, indicating that treatment non-completion does not significantly predict juvenile 

recidivism of any offense type when controlling for three levels of theoretically-relevant 

context.  Although no significant relationships were identified, the odds ratios for 

treatment non-completion on recidivism do suggest that treatment dropout and expulsion 

influence recidivism.  The odds ratios for treatment dropout on drug recidivism (1.39), 

violent recidivism (1.36), and property recidivism (1.51) show that the odds of 

recidivating increase for juveniles who drop out of treatment.  The relationship between 

treatment expulsion and recidivism is not as consistent, with expulsion increasing the 

odds of property recidivism (2.24), but reducing the odds of drug recidivism (0.92) and 

violent recidivism (0.53). 

Table 14 presents a summary of the results of the models discussed in this 

chapter.  For each of the three sets of models estimated, the effects of distance on 

treatment non-completion and treatment non-completion on recidivism are described by 

reporting the increase in the odds of the outcome measure responsible by each significant 

distance or non-completion effect.  The standard deviations for Euclidean distance (3.3 

miles) and public transit time (28.4 minutes) are illustrated in the table in order to clearly 

indicate the magnitude of increases of those distance measures that are responsible for the 

corresponding increases in the odds of treatment non-completion.  The standard 

deviations for social distance: disadvantage and social distance: race are also displayed, 

but are not as helpful in interpreting the effect sizes of those predictors due to the metric 

of those distance measures.  Dotted lines indicate that the variable was not a significant 
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predictor of the outcome.  An asterisk indicates that the predictor interacts with another 

variable to significantly affect the outcome measure.    

Having reviewed the results of this analysis, this study now moves to an 

interpretation of the models.  The next chapter will discuss the preceding results as they 

pertain to the hypotheses stated in Chapter Two.
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Table 13: Individual-, Neighborhood-, and Program-Level Predictors of Juvenile Recidivism 

Model 1 2 3 4 5 6 
  Drug Drug Violent Violent Property Property 
Individual-Level 
White 0.43 (1.07) 0.44 (1.07) 0.50 (1.08) 0.5 (1.08) 2.28 (.69) 2.24 (.70) 
Hispanic 1.29 (.82) 1.25 (.81) 0.73 (1.11) 0.64 (1.11) 1.22 (1.09) 1.17 (1.09) 
Gender 0.31 (1.05) 0.31 (1.05) 0.31 (1.06) 0.29 (1.06) 0.32 (1.06) 0.34 (1.06) 
Age 1st Arrest 0.89 (.18) 1.15 (.18) 1.13 (.21) 1.13 (.21) 0.99 (.23) 0.99 (.23) 
In Group 0.98 (.33) 0.99 (.33) 1.61 (.42) 1.66 (.42) 0.90 (.44) 0.89 (.44) 
Parent Crim 0.42 (.45) 0.43 (.45) 2.48 (.39)† 2.52 (.39)† 1.54 (.46) 1.68 (.46) 
Prior Drug 3.31 (.34)† 3.39 (.34)† 0.77 (.42) 0.78 (.42) 0.77 (.48) 0.80 (.48) 
Prior Violent 0.85 (.39) 1.12 (.39) 2.03 (.39) 2.10 (.39) 1.50 (.46) 1.43 (.47) 
Aftercare Case 2.98 (.51) 2.93 (.51)† 0.83 (.46) 0.86 (.47) 0.72 (.50) 0.73 (.50) 
Treatment Non-Completion 
Dropout 1.39 (.35)       -- 1.36 (.40)       -- 1.51 (.45)       -- 
Expulsion       -- 0.91 (.42)       -- 0.53 (.57)       -- 2.24 (.49) 
Neighborhood-Level 
Disadvantage 0.96 (.26) 0.97 (.27) 1.00 (.34) 1.01 (.34) 1.32 (.27) 1.43 (.28) 
Program-Level 
Program Length 0.63 (.61) 0.62 (.62) 0.45 (.73) 0.46 (.74) 0.22 (.80) 0.18 (.81)† 
Random Effects 
  Neighborhoods: 
        σ2    0.15    0.17    0.31    0.36    0.00    0.00 
        χ2  47.05  52.86  58.08 61.76*  55.63  51.33 
  Programs: 
        σ2    0.00    0.00    0.00    0.00    0.00    0.00 
        χ2    0.36    0.40    0.39    0.43    0.34    0.34 
*** p < .001, ** p < .01, * p < .05 
† no longer significant after multiple testing correction 
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Table 14: Summary of the Effects of Distance to Treatment and Treatment Non- 
Completion on the Outcomes Investigated 

 
Distance & Non-Completion 

Effects 
Non-Completion: 

Dropout   Expulsion 
Recidivism: 

 Drug     Violent     Property 
 
Controlling for NBH context: 

     

   Euclidean Distance (3.3 miles) + 31% --    
   Public Transit Time (28.4 mins) + 36% --    
   Social Distance: Dis (-0.63) -- --    
   Social Distance: Race (0.60) * *    
   Non-Completion: Dropout   + 49% -- + 54% 
   Non-Completion: Expulsion   -- -- -- 
      
Controlling for Program context:      
   Euclidean Distance (3.3 miles) -- *    
   Public Transit Time (28.4 mins) -- *    
   Social Distance: Dis (-0.63) * + 14%    
   Social Distance: Race (0.60) -- --    
   Non-Completion: Dropout   + 49% -- + 53% 
   Non-Completion: Expulsion   -- -- -- 
      
Controlling for NBH & Program:      
   Euclidean Distance (3.3 miles) -- --    
   Public Transit Time (28.4 mins) -- --    
   Social Distance: Dis (-0.63) -- --    
   Social Distance: Race (0.60) -- --    
   Non-Completion: Dropout   -- -- -- 
   Non-Completion: Expulsion   -- -- -- 
 
* Denotes that the predictor is part of a significant interaction effect in that model 

-- Denotes that the predictor is not statistically significant 
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CHAPTER FIVE: DISCUSSION 
 
 Having completed the analysis, this study is now able to address the research 

questions that prompted this work.  In order to clearly summarize the results of this 

analysis in the context of those questions, this chapter will proceed by describing the 

findings as they pertain to the hypotheses listed in Chapter Two. 

  Effects of Distance on Treatment Non-Completion 
 

The first portion of this discussion will respond to Hypotheses 1 and 2, which 

claim that linear and transit network distance will have a significant, positive relationship 

with treatment non-completion.  The results shown in Table 5 indicate that Euclidean 

distance significantly (1.31***) predicts treatment dropout when controlling for 

neighborhood context.  The odds ratio of this predictor indicates that this relationship is 

indeed positive, with the odds of dropping out of treatment increased as distance to 

treatment increases.  Similarly, Table 5 shows that public transit distance (1.36***), 

operationalized by time in transit, is also a significant predictor of treatment dropout 

when controlling for neighborhood context.  As is the case for Euclidean distance, the 

odds ratio for public transit distance is above one and denotes a positive relationship 

between these items. 

 The impact of Euclidean and transit distances on treatment non-completion lend 

support to the literature outlining the effects of distance on healthcare, education, and 

crime.  The bulk of that literature finds strong correlations between linear distance and 

the utilization of healthcare, the completion of educational studies, and the volume of 

criminal offenses.  Research in health geography conceptualizing distance with more 

refined measures of public transit distance and time has come to similar conclusions 



 
 

126

(Lovett et al., 2002; Martin et al., 2002), all of which support the effects of linear and 

temporal distance in this study. 

 At this point, it is appropriate to discuss the correlations between the linear and 

network distance measures calculated by this study.  Four distance measures (Euclidean 

distance, street network distance, street network time, and public transit time) were 

created, with Euclidean distance and public transit time selected to be entered into 

hierarchical models, based on the results of bivariate analyses indicating that all four of 

the measures were highly correlated.  This was not unexpected, as correlations between 

straight-line and network distance measures that have been repeatedly identified in the 

geographic literature (Fone et al., 2006; Haynes et al., 2006; Martin et al., 2002), and 

especially when comparing such distance measures in urban areas (Apparicio et al., 

2008).   

The results of this analysis confirm the similarities of these operationalizations of 

distance when estimating the travel costs of juvenile offenders in Philadelphia, and could 

be extended to suggest that Euclidean distance is the most appropriate way to 

approximate distance to treatment.  The more sophisticated methods by which to 

calculate travel costs do not appear to greatly improve the accuracy of this task, at least 

when examining juveniles traveling within urban areas.  Combined with the ease of 

calculating Euclidean distance, relative to other linear and temporal distance measures, it 

can be concluded that the calculation of distance based on a straight line from the home 

of a juvenile offender to a target location is sufficiently accurate. 

 In regards to Hypothesis 3, this study largely concludes that social distance is also 

a significant predictor of treatment non-completion.  Table 9, for example, shows that 
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social distance: disadvantage (1.14**) is a significant correlate of treatment expulsion 

when controlling for program length, with an effect in the hypothesized direction.  The 

effects of social distance: race were also found to influence treatment non-completion, 

but the discussion of those results will wait until the interpretation of interaction effects.  

What this means, however, is that juveniles within different types of neighborhoods and 

racial groups respond differently to the distance they travel to treatment.  Inquiries into 

how criminals perceive space show that offenders are much less likely to travel within 

unfamiliar neighborhoods characterized by residents with racial and economic 

backgrounds differing from their own (De Poot et al., 2005; Rengert et al., in press; 

Reynald et al., 2008).  This study supports those findings and now extends this narrow 

body of literature to include the perceptions of space made by juvenile offenders as they 

travel in urban space. 

 The only significant effects of social distance: disadvantage were found in models 

that controlled for program length.  It is interesting to note that linear and temporal 

distance measures are predictors of non-completion when controlling for neighborhood 

context but not program length, while social distance: disadvantage exerts a significant 

effect when controlling for program length, but not neighborhood context.  In other 

words, juveniles are influenced by the physical distance and time they must traverse 

when neighborhood context is entered into predictive models.  In contrast, the 

perceptions of juveniles are more important in models that include program length at 

level-two.  

 Hypothesis 4 describes the expectation that the effects of distance on treatment 

non-completion will differ by juvenile demographic characteristics.  Many studies have 
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found that space, and specifically distance effects, often influence individuals in 

divergent ways based on gender, race, and age.  Research on distance traveled to commit 

offenses has identified many such demographic differences, including findings that 

females (Rengert, 1975), non-Whites (Carter & Hill, 1979; Nichols, 1980; Phillips, 

1980), and younger juveniles (Phillips, 1980) travel shorter distances to commit offenses, 

relative to their offending peers.  The current investigation of interactions between the 

race of juveniles and distance to treatment supports those earlier findings, with non-

White juveniles identified as being more likely than Whites to fail to complete treatment 

as distance to treatment increases.  In contrast, interaction terms combining the effects of 

age and gender with distance were not found to significantly predict treatment non-

completion. 

 The significant influence of joint effects combining distance and juvenile race 

indicate that non-White juvenile offenders are more likely to fail to complete treatment 

than are their White counterparts.  Figure 7, for example, shows that the effect of social 

distance: race on treatment dropout, while controlling for neighborhood disadvantage, 

differ between Whites and non-Whites.  As juveniles move from medium to high on the 

social distance: race scale, it is observed that non-Whites experience a greater increase in 

the likelihood that they will drop out of treatment, than do Whites.  This is consistent 

with prior findings concluding non-Whites travel shorter distances to commit offenses 

(Phillips, 1980).  These results suggest that non-White juvenile offenders are also less 

willing to travel to attend treatment, compared to Whites.  When controlling for program 

length at level-two, similar interaction terms were found to influence treatment non-

completion due to both dropout and expulsion.  These significant joint effects include 



 
 

129

distance measures that include both linear and temporal distance, as well as on social 

distance.  Figures 8 - 10 indicate that White juvenile offenders are less likely to fail to 

complete treatment than are non-Whites, as travel to treatment based on several distance 

measures increases from medium to high.  These results again support the finding that 

non-White juveniles are more acutely impacted by distance to treatment, no matter how 

distance is measured, and for both types of treatment non-completion. 

 Similar effects were not identified for interactions that combined distance and 

either gender or age at first arrest.  This is not completely unexpected, as the literature on 

demographic differences on distance effects provide much more support for the 

interaction between distance and race.  Far fewer studies have estimated how gender and 

age interact with distance on rates of offending.  Another explanation involves the 

juvenile data analyzed.  Interactions between distance and both gender and age at first 

arrest may be more difficult to identify because only eleven percent of the juvenile 

population is female, while the continuous structure of the age at first arrest predictor 

may also impede the detection of significant joint effects with distance. 

 Having reviewed the effects of distance on treatment non-completion, the impact 

of distance to treatment by treatment non-completion type can be discussed.  Hypothesis 

5 describes the expectation that distance to treatment will have a stronger influence on 

treatment dropout than on treatment expulsion.  Tables 5 and 6 indicate that Euclidean 

distance, public transit time, and the joint effects of social distance: race and juvenile race 

significantly predict treatment dropout, with only social distance: race influencing 

treatment expulsion (although that model includes a non-significant interaction term), 

while controlling for neighborhood disadvantage.  Two-level models controlling for 
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program length presented in Tables 8 and 9 show nearly the opposite, with three 

significant distance-based effects in models on treatment expulsion, and only one effect 

significantly predictive of treatment dropout.  Therefore, this analysis cannot conclude 

that distance to treatment has a greater effect on a particular type of treatment non-

completion.  Based on the results, no discernable pattern can be identified to address this 

question, as the various types of distance measures have been found to influence both 

types of treatment non-completion.  In sum, this analysis indicates that distance to 

treatment influences the likelihood that juvenile offenders will fail to complete treatment 

due to both dropout and expulsion. 

 Hypothesis 6 states that measures of distance based on perceptions of space will 

have greater effects on treatment non-completion, than will measures of distance based 

on physical distance and travel time.  Support for this hypothesis, too, is sparse based on 

the results of hierarchical models.  All four distance measures were found to significantly 

predict treatment non-completion, either in the form of main effects or in concert with 

juvenile demographic variables.  The only significant main effect of social distance 

manifested itself in the form of social distance: disadvantage in Model 3 of Table 9.  This 

statement, however, does not include the significant main effects of social distance 

measures that are obscured by the inclusion of interaction effects constructed with 

predictors of social distance.  Therefore, this analysis provides weak evidence for 

Hypothesis 6. 

Effects of Treatment Non-Completion on Juvenile Recidivism 
 
 The second portion of this analysis was aimed at determining the indirect effects 

of distance to treatment on juvenile recidivism.  To address this issue, treatment non-
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completion, by type, was included as a level-one predictor of juvenile recidivism offense 

types.  Having determined that distance to treatment does influence treatment non-

completion due to both dropout and expulsion, the inclusion of treatment non-completion 

as a predictor of juvenile recidivism can provide insight into the effects of distance on 

juvenile recidivism. 

 Hypothesis 7 states that treatment non-completion will indeed influence rates of 

juvenile recidivism, with Hypothesis 8 stating that the effects of treatment non-

completion will be most profound in models of juvenile drug recidivism.  The results of 

this analysis support those claims.  Tables 7 and 10 are nearly identical, with regards to 

the effects of treatment non-completion on juvenile recidivism.  When controlling for 

neighborhood disadvantage, Table 7 indicates that treatment dropout significantly 

influences drug and property recidivism.  The magnitude of these effects further indicates 

that juvenile offenders who drop out of treatment are about fifty percent more likely to 

recidivate through the commission of a drug and property crime.  Juveniles expelled from 

treatment do not experience a significant increase or decrease in the likelihood of 

recidivating.  Two-level models controlling for neighborhood context reported in Table 

10 show the same findings: treatment drop out predicts juvenile drug and property 

recidivism, while treatment expulsion does not predict any type of recidivism. 

 The expectation that juvenile drug recidivism would be influenced by treatment 

dropout, presumed to be partially influenced by distance to treatment, has been validated 

by this analysis.  Based on earlier work that analyzed space-based correlates of juvenile 

recidivism by offense type (Grunwald et al., in press), this result was expected.  The 

impact of treatment dropout on juvenile property recidivism, however, was not.  The 
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other unexpected aspect of these findings stems from the absence of a treatment non-

completion effect on violent recidivism.   

Several explanations can be called upon to support these results, although none 

can be said to be more than speculation.  The expulsion of juvenile offenders from 

treatment often involves severe acts of misconduct, which can identify juveniles more 

prone to violent acts.  In fact, Table 7 indicates that treatment expulsion was a significant 

predictor of violent recidivism before being corrected for multiple testing error.  This line 

of thinking can be invoked to explain why violent juvenile recidivism offenses are more 

likely to be influenced by treatment expulsion rather than dropout, but why then, does 

dropout predict drug and property recidivism, but not violent reoffending?  A review of 

the study by Grunwald et al. (in press) suggests that the significant effect of dropout on 

property recidivism is of greatest note, as their work found that neighborhood 

disadvantage predicts only juvenile drug recidivism.  Concluding that neighborhood 

context does not influence violent or property recidivism, the work of Grunwald et al. (in 

press) supports the lack of the distance-influenced predictors of treatment non-completion 

to influence violent recidivism identified by this analysis.   

The question remains, then, why does treatment dropout influence juvenile 

property recidivism?  Perhaps the same processes that act to make juveniles drop out of 

treatment also act to increase their likelihood to commit further property offenses.  Travel 

to treatment does not only have temporal costs, but also economic costs.  It is not 

unreasonable to assume that the juvenile offenders who are more likely to shoplift and 

burglarize properties are also more likely to live in poverty-stricken families and unable 

to come into possession of items in a legitimate fashion.  These juveniles are likely to 
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have travel impeded by economic factors.  Such factors could take the form of decreased 

access to transit fare or the lack of car ownership by their family.  The juveniles who drop 

out of treatment then, may be doing so for the same reasons that they go on to commit 

future property offenses, such as impulsivity or a lack of money. 

The results of this analysis clearly indicate that juvenile offenders who drop out of 

treatment are more likely to recidivate, and to do so through the commission of drug and 

property offenses.  These findings demonstrate the indirect influence of distance to 

treatment on juvenile recidivism, suggesting that distance to treatment does play some 

role in the likelihood of juvenile recidivism, based on its role in increasing the likelihood 

of juvenile offenders to drop out of or be expelled from treatment.  Discussion of the 

influence of distance to treatment on juvenile recidivism, then, should be aimed at the 

magnitude of such effects, rather than continuing to question whether distance to 

treatment influences juvenile recidivism. 

The Cross-Classified Analysis 
  

At the outset of this work, the cross-classified analysis was intended to represent 

the final and most sophisticated portion of this study.  The results have indicated that the 

earlier two-level models, originally intended to aid in the construction of the cross-

classified model structure, are far more meaningful in supporting or disproving the 

hypotheses posed in this research.  While that is initially disappointing, this analysis does 

not suffer for it.  This portion of the discussion will explain why the absence of 

significant predictors in the preceding models should not immediately be interpreted to 

suggest that correlates of individual-, neighborhood-, and program-level context have 

little or no effect on treatment non-completion or juvenile recidivism.   
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Ideally, distance-based predictors would be identified in the cross-classified 

models as significant correlates of program non-completion, and program non-

completion would subsequently be found to predict juvenile recidivism.  This did not 

occur.  But rather than see that as a limitation of this study, a reporting of the cross-

classified results in the prior chapter show that the crux of this issue is likely due to 

limitations within the data and structure of the cross-classified models.  A comparison of 

the standard errors between the two-level and cross-classified models clearly highlights a 

deficiency in the statistical power possessed by the cross-classified models.  The standard 

errors of predictors in Tables 11-13 depicting the results of the cross-classified analyses 

are noticeably larger than their counterparts in the two-level models shown in Tables 5-

10.  The inflation of standard errors is typically a function of statistical power and noisy 

data.  The acknowledged sparse count of juveniles within the cross-classified cell 

contingency table shown in Table 1 attests to the decreased power in the cross-classified 

models, when compared to the two-level models.  Additionally, the inclusion of two 

level-two units of analysis could have also contributed to the increased values of the 

standard errors, by contributing to data noise.  Both neighborhoods and programs are 

represented by items that attempt to capture characteristics of the neighborhoods and 

programs attended.  As a result, the likelihood of measurement error and the 

accompanying noise are much greater in the cross-classified models.  Based on these 

considerations, the results of the cross-classified models in Tables 11-13 should be 

interpreted in light of probable issues of statistical power and data noise.  Low power, 

first identified by low counts of juveniles within the cell-contingency matrix of the cross-

classified model, and later confirmed by the inflated standard errors in the cross-
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classified model results, clearly indicate that there are simply not enough juvenile 

offenders per neighborhood and program.   

With that said, limitations within the data analyzed cannot be considered the sole 

reason for the disappointing cross-classified findings.  The inability of the cross-classified 

models to identify significant predictors of treatment non-completion and recidivism 

were compounded by the simultaneous inclusion of two level-two predictors.  By 

including a third level of context and the accompanying control variables, it became that 

much more difficult for significant effects to be identified by the models.  Additionally, 

the inclusion of two level two contextual predictors added even more noise into the data.  

The cross-classified models tested many variables, and several of them are proxies of 

complicated processes and contexts that are difficult to effectively operationalize, thus 

increasing the noise within models. 

Despite the lack of significant predictors in the cross-classified analyses, the 

magnitude of the odds ratios of the independent variables represent important results.  As 

the juvenile offenders analyzed in this study represent the entire population of juvenile 

offenders attending community-based treatment in Philadelphia, the interpretation of non-

significant odds ratios is more appropriate and meaningful, than if a sample of juvenile 

offenders were analyzed.  The odds ratios for the independent variables in the cross-

classified models largely indicate that distance to treatment influences treatment non-

completion and treatment non-completion then influences recidivism.  As in the two-level 

models, these effects vary by the type of treatment non-completion and recidivism. 

With those considerations in mind, the results of the cross-classified models are 

not so surprising or disappointing, as they point to non-significant, but still meaningful 
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relationships that were hypothesized.  They do suggest, however, that more attention be 

paid to the results of the earlier two-level models.  The results of the two-level models 

controlling for neighborhood and program context, are robust, informative, and more than 

capable of estimating the effects of distance to treatment on the likelihood of treatment 

non-completion and juvenile recidivism.  These models have been interpreted to show 

that distance effects significantly influence the likelihood that juvenile offenders will fail 

to complete treatment, and subsequently impact rates of juvenile recidivism through an 

indirect process. 

The next and final chapter will describe the implications, limitations, and some 

directions for future research that spring from this analysis.  The discussion of these study 

dimensions highlight the contribution of this work to the present state of juvenile justice 

literature, and also suggest how this analysis might guide future research. 
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CHAPTER SIX: CONCLUSION 
 
 With the knowledge that distance to treatment does indeed influence treatment 

non-completion and juvenile recidivism, this chapter describes the implications, 

limitations, and future research that can be gleaned from the results of this analysis.  The 

robust findings should contribute to a varied assortment of academic and practical 

dimensions, including the enhancement of theory and methodological practices in several 

bodies of literature and the refinement of juvenile justice policy.  This work is not, 

however, without limitations, which will also be discussed.  Lastly, future avenues of 

inquiry that can build on the current findings while addressing the weaknesses identified 

in this study will be discussed.  

Implications 

For Methodology and Theory 

 This research contributes to the literatures depicting offender movement through 

space and the ways in which individuals traverse urban locations.  No known studies in 

criminology have compared the effects of linear, network-time, and cognitive distance on 

the travel of offenders; this work represents the first inquiry into the correlations between 

such distance measures.  The calculation of public transit travel time based on bus, 

subway, and walk time is a particularly important addition that this study makes toward 

determining how distance affects juvenile justice outcomes.  The analysis concludes that 

linear and temporal conceptualizations of distance traveled are highly correlated.  Based 

on the similarities between these distance measures and the efficiency of calculation, 

Euclidean distance is suggested as an appropriate method by which to conceptualize the 

travel of juvenile offenders to treatment programs in urban locales. 
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Results indicating that the social distance measures calculated did not correlate 

with each other or with the linear and temporal distance measures, are also important 

contributions to the fields of criminology and geography.  These findings suggest that 

perceptions of space are often distinct from considerations of space and time.  Prior 

research has consistently concluded that perceptions of space matter for a number of 

social phenomena, but this work applies those expectations to the study of social distance 

effects for juvenile offenders in an urban location.  Methodologically, the 

operationalization of social distance measures included in this analysis can also serve to 

inform future research concerning the influential components of spatial perceptions that 

should be accounted for when modeling the travel of juvenile offenders. 

Results from the hierarchical models indicate that each measure of distance 

included in the models significantly influences treatment non-completion in some 

manner.  Although measures of social and physical distance are not correlated, their 

significant effects on treatment non-completion highlight the impact of distance on 

treatment non-completion that has been largely ignored to this point.  Similarly, the 

disaggregation of the outcome measures in this study contributes a great deal to the 

literature on the correlates of treatment non-completion and recidivism, as the 

disaggregation of these outcomes is relatively rare.  The decision to disaggregate the 

outcome measures is validated by the findings that illustrate how distance effects behave 

differently depending on the type of treatment non-completion and recidivism offense.  

As a result, this study will contribute greatly to future studies of non-completion and 

recidivism by identifying benefits of partitioning those outcomes into type-specific 

measures. 
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 This work expands on the current literature of activity space as it pertains to 

juvenile offenders in urban space.  Crime pattern theory is a prominent framework within 

environmental criminology, but few studies have examined the effects of travel beyond 

the home neighborhood of juvenile offenders.  Most studies purporting to test crime 

pattern theory consider only distance traveled and the characteristics of the nodes 

travelled to.  This study expands on crime pattern theory to include the backcloth of the 

neighborhoods traveled from and into (with social distance measures that compare their 

racial socioeconomic composition) as well as the nodes (treatment programs) traveled to.  

Accordingly, it can be said that the characteristics of neighborhoods traveled through, 

again invoking the concept of the environmental backcloth, impact whether or not 

offender treatment is completed.  As a result, this study concludes that juvenile offenders 

are less likely to complete treatment if they are required to travel beyond their previous 

activity space. 

 Not only do the results indicate that juvenile offenders are influenced by their 

activity spaces, but also that these effects differ by race.  The significant interactions 

identified between several distance-based predictors and the race of the juvenile 

offenders support the conclusion that non-white juvenile offenders are more likely to fail 

to complete treatment as distance to treatment increases, when compared to their white 

peers.  This is hardly surprising, considering the past work which concludes that the 

offending patterns of non-whites are influenced to a greater degree by space than for 

whites, based both on distance (Carter & Hill, 1979; Nichols, 1980; Phillips, 1980) and 

social barriers (Rengert et al., in press).   
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However, it is important to remember the spatial distribution of treatment 

programs analyzed in this study, as five of the twenty-four programs are located in Center 

City Philadelphia.  Center City represent a relatively affluent neighborhood that has a 

higher than average proportion of white residents.  The social distance measures for 

juveniles who travel into these neighborhoods for treatment would likely indicate a 

“shorter” social distance for these offenders, denoting that they are traveling into areas 

characterized by less disadvantage and higher levels of racial heterogeneity.  But, such 

distance effects could impact juveniles differently, with white juveniles feeling more at 

ease but non-whites perhaps experiencing more discomfort, despite traveling into these 

affluent neighborhoods.  While the significant interactions between distance and juvenile 

race are interesting and supportive of earlier work, it is important to consider the spatial 

context of the treatment programs included in this analysis in order to interpret these 

results most appropriately. 

For Policy 

Perhaps most importantly, the findings from this research can inform practitioners 

at various points in the juvenile justice system.  Judges, police, program administrators, 

and other individuals and entities responsible for the placing of juvenile offenders into 

treatment will be made aware of the effects of travel to treatment on the success of 

juvenile treatment clients.  Juvenile court judges, for example, can include a 

consideration of distance when deciding where to send juvenile offenders whom they 

require to seek community-based treatment.  For judges who have determined the type of 

treatment program they would like offenders to attend, and who have multiple choices of 

such programs to select from, distance to treatment can be a valuable factor in their 
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decision-making process.  Although distance to treatment is certainly not the only factor 

that influences treatment non-completion and recidivism among juvenile offenders, the 

findings from this analysis can be utilized to improve the matching of juvenile offenders 

to treatment. 

At an even earlier stage, individuals responsible for the creation and funding of 

treatment programs can take distance effects into account when determining where to 

place programs and from  which areas to draw clients.  The results of this study can be 

used to aid treatment programs in the targeting of appropriate clients, and, perhaps, 

tailoring programs to specific neighborhoods.  In support of the “closer-to-home 

principle” (Guerra et al., 2008) described earlier, this analysis concludes that juvenile 

offenders are better off attending programs near their home.  Treatment programs that 

request juvenile clients who live near the program location can expect to obtain better 

results for those clients.  Many studies have similarly concluded that community-based 

treatment is an effective method of rehabilitating juvenile offenders due to the increased 

role that families and community figures can play in the juveniles’ treatment (Borum, 

2003; Guerra et al., 2008; Lipsey & Wilson, 1998).  The current study supports those 

works and refines the argument to claim that juvenile offenders should not only receive 

treatment in their community, but that treatment facilities should be located as closely as 

possible to their homes.  Although not as feasible due to economic factors, distance 

effects can also be included in the planning stages of treatment to determine where best to 

locate treatment facilities. 

To clearly summarize the implications of this analysis: this research has found 

that juvenile offenders will be more likely to complete treatment if they attend treatment 
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closer to their home.  By completing treatment, juvenile offenders will be less likely to 

recidivate.  Judges, program administrators, and other juvenile justice policymakers can 

use this information in several ways to match juveniles to programs closer to their homes 

through refined sentencing decisions, and by improving the placement and selection 

criteria of programs to reduce the distances that their clients must travel to attend 

treatment. 

This analysis also provides a blueprint for juvenile justice policymakers to make 

demographic-based decisions when determining the best treatment options for juvenile 

offenders.  Although the application of decisions based on race must be done carefully, 

this study has found that non-White juveniles are impacted to a greater degree by the 

distance they are asked to travel to treatment, based on both space and perceptions.  

Judges may use this information when making treatment decisions, while program 

administrators can use this information when deciding upon the locations of programs 

that expect a large proportion of minority clients. 

Limitations 
 

All studies possess limitations and this work is no exception.  The majority of 

these limitations are related to the data analyzed; both in the amount of data and the 

predictors constructed from that information.  Issues of noise and sample size within the 

cross-classified models have already been discussed.  The juvenile offender dataset 

analyzed is certainly not small, with more than 6,000 juvenile offenders, but it proved to 

be insufficient for the effective detection of significant correlates of treatment non-

completion and recidivism included in models with three levels of data.  The number of 

neighborhoods (45) and programs (24) also contributed to the low counts of juveniles per 
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neighborhood and program and the subsequently high standard errors.  An increase in 

statistical power would have unquestionably increased the predictive ability of the cross-

classified models. 

Also inhibiting the cross-classified models was the likely increase in noise 

originating from the level-two predictors.  Neighborhood disadvantage was created as a 

combination of multiple items in a series of surveys, with program length based on 

surveys of program administrators.  This is not to say that these items are necessarily 

unreliable, but issues arise when describing their construction.  Neighborhood context, 

operationalized to include several measures of disadvantage, naturally introduces 

skepticism regarding the quality of a measure of neighborhood context.  Beyond the issue 

of measurement accuracy, disadvantage is only one of countless constructs by which 

community context can be operationalized, as researchers have noted (Raudenbush & 

Sampson, 1999; Sampson et al., 2002).  The inclusion of additional measures of 

neighborhood context would do much to further discern the role of neighborhood-level 

factors on distance to treatment. 

The inclusion of program length to represent program context is also problematic 

in that it represents only one dimension of program structure and additionally suffers by 

being forced into a single value of months.  Most programs do not have a set length, but 

rather accommodate the needs of their clients in terms of duration.  In this way, program 

length likely contributes to noise in the models.  Entered together into the cross-classified 

models, the level-two predictors serve to increase the noise to an even greater degree. 

The most troubling aspect related to the program length predictor is the fact that it 

exists as the only item used to describe program context.  Program length is a valuable 
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variable to control for in tests of distance effects on treatment non-completion, but there 

are many other characteristics of programs that likely also influence distance-related 

relationships with treatment non-completion and recidivism.  The number of trips made 

to treatment per week, for example, undoubtedly influences the likelihood that juveniles 

attend treatment.   Juveniles required to attend a daily program regimen are probably 

much less likely to complete treatment than are juveniles only required to attend 

treatment once or twice a week.  Additional items measuring program structure and 

quality could also improve similar predictive models. 

The predictors of greatest interest, those representing distance to treatment, are 

not themselves immune to criticism.  No matter how accurately they are constructed from 

a methodological standpoint, they are proxies intended to represent the methods by which 

juveniles actually traveled to treatment and how they perceived their surroundings.  There 

is little reason to believe that public transit time is an inaccurate conceptualization of 

temporal distances to treatment for juvenile offenders, but the actual modes of 

transportation used by juveniles to travel to treatment are not revealed in the data.  The 

calculated distance measures representing linear and temporal travel using multiple 

modes of transportation were highly correlated, but the use of proxies to operationalize 

distance to treatment limits the ability of this analysis to determine the effects of distance 

to treatment.   

The measures of social distance provide even more doubt regarding measurement 

accuracy.  This analysis can only speculate as to how juvenile offenders perceive the 

neighborhoods they travel through on their way to treatment.  Research has identified the 

effects of race, crime, and disadvantage on the ways in which individuals regard space, 
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but there is no method that will permit for the validation of the social distance measures 

included in this analysis.  Juveniles should be less likely to travel into program 

neighborhoods that are more disadvantaged and contain a smaller proportion of their 

racial group than their own neighborhoods, but the accuracy of these measures is largely 

unknown. 

Similarly, the group membership predictor presents doubts concerning its validity.  

It is not unreasonable to believe that juvenile offenders who live in the same 

neighborhood and travel to the same program are more likely to travel together than those 

who do not, but this study does not know which juveniles traveled to treatment in groups.  

Without actual knowledge of juvenile travel practices, this proxy item can also only 

speculate as to the effects of group activity on treatment non-completion.  For many 

research inquiries, a proxy measure such as this is likely the only way by which to 

categorize offenders as being in a group.  For those studies, the construction of a group 

membership variable might build on the methodological process presented here to devise 

more comprehensive ways that offenders can be spatially defined as in a group.  The use 

of census tracts, or the use of any politically-bound polygons, likely overestimate the size 

of space in which juveniles realistically know one another. 

Future Research 

 Based on the implications and limitations identified in this research, several 

avenues of future inquiry are identified.  Most of these suggestions are aimed at 

alleviating the issues related to data quantity and quality, but others naturally flow from 

questions that the current analysis has created and left unanswered. 
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 Future studies that wish to effectively determine the effects of distance to 

treatment on juvenile justice outcomes would be well-served by gathering data that 

describes actual travel patterns of juvenile offenders on their journeys to treatment.  This 

data could be collected in many ways, ranging from in-depth interviews to telephone 

surveys.  This type of data would be most valuable when constructing perception-based 

measures of distance, as surveys and interviews could explicitly inquire as to how 

juveniles perceive the space they travel through, and how, if at all, they alter their travel 

patterns based on such perceptions.  Such data would likely require a laborious collection 

process, but would be absolutely vital for the validation of this analysis and the further 

development of distance-based research on juvenile offenders. 

 Issues of power and noise have afflicted this study’s ability to estimate distance 

effects using cross-classified models.  There are several remedies for these difficulties 

that future works would be wise to consider.  First, and most simply, sample size should 

be considered when selecting the data to be analyzed and the statistical methods to be 

utilized.  Future researchers should attempt to design studies that are not negatively 

impacted by power.  The ability to do this is largely dependent on the availability of 

robust datasets of juvenile justice data that can be manipulated to increase statistical 

power.  If possible, programs such as Optimal Design (Spybrook et al., 2008) and PINT 

(Bosker et al., 2003) can be used at the design stages of research to address low power, 

although the ability to alter research designs based on the recommendations of such 

programs are highly dependent on research budgets. 

 Theoretical and methodological concerns suggest that future work include 

additional measures of neighborhood and program context.  There are countless variables 
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that can be used in tandem or alone to describe community and treatment contexts.  In 

addition to discovering how these items and constructs might behave in models of 

treatment non-completion and recidivism, the use of additional level-two predictors may 

also reduce the noise that is believed to have negatively affected the cross-classified 

model results. 

 If subsequent studies can address these limitations, what questions have this 

analysis left unanswered, or even posed, based on its results?  This work provides several 

jumping-off points for researchers eager to validate and build upon the results found here.  

One such research question asks how distance to treatment affects juvenile offenders in 

suburban and rural communities.  Prior research has indicated that measures of linear and 

temporal distance are not nearly as correlated when moving out of urban locations 

(Apparicio et al., 2008), which suggests that differing operationalizations of distance may 

have more divergent effects than this study has found among its urban juveniles.  

Differing effects of distance between urban and non-urban juvenile offenders may be 

even greater, making such an inquiry an important one. 

 A question that persisted during this study involves the spatial distribution of 

treatment programs in Philadelphia: where are they located and do their locations match 

the distribution of juvenile offenders?  A cursory glance at a map of juvenile offender 

treatment facilities in Philadelphia suggests that programs are not located within clusters 

of juvenile offenders.  An empirical study of the potential spatial mismatch of juvenile 

offenders and treatment programs in Philadelphia could prove to be very informative.  

Researchers of offender treatment should take a page from the health geographers who 

have performed copious analyses of access to treatment.  They have concluded that 



 
 

148

individuals with lower levels of access to healthcare are less likely to seek care.  This 

kind of research can be refined even further based on the current analysis, in light of the 

findings that identified more acute distance-based effects on treatment non-completion 

for non-White juveniles.  This suggests that levels of access to treatment may be even 

lower for those who are most in need. 

 In sum, this research has identified several significant effects of distance on 

treatment non-completion and recidivism among juvenile offenders.  For the most part, 

this study found that the farther juveniles have to travel (whether distance is physical or 

perceived), the more likely they are to fail to complete treatment and subsequently 

recidivate.  Several of these effects are more pronounced for non-White juveniles.  In 

spite of its limitations, the results of this analysis provide valuable insights for academics 

and policymakers alike.  The most important contribution to come from this work likely 

lies in its application to the everyday workings of juvenile justice practitioners who can 

review the results of this analysis to make more informed decisions regarding the 

matching of juvenile offenders to treatment programs.   
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