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ABSTRACT 

This research presents a framework for quantitative analysis in evaluation of juvenile 

justice diversion programs using an example diversion program provided by the City of Mobile 

Police Department in Mobile, Alabama. The framework presented herein combines data 

integration from multiple sources with longitudinal analysis methods to assess ecologically-

based individual-, family-, and school-level outcomes in relation to program participation in the 

diversion program. This study, demonstrating innovative quantitative methods for enhancing 

evaluation strategies, offers possibly the first ever example of a repeated-measures longitudinal 

evaluation design for assessing ecologically-based outcomes in the context of juvenile diversion 

programing. Combining youth survey data from a larger longitudinal study (the Mobile Youth 

Survey Project) with official record data from the Mobile County Public School System and the 

Mobile Police Department provided a rich source of measures used to assess program impact on 

eight ecologically-based outcomes. Outcome measures included individual behavior and attitude 

factors, family functioning factors, and school-related outcomes.   

Using growth curve modeling to examine group differences in developmental trajectories 

between program-referred youths and similar peers, significant positive effects were found for 

attitudes about personal violence and school related outcomes. Using discontinuous (piecewise) 

growth curve models to examine development for program participants prior to and after 

program participation, significant positive effects were also found for behavioral self-worth, 

attitudes about personal violence, parental monitoring, and school related outcomes. Gender 

differences were also found for all outcomes, except school absences. A growth curve analysis
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comparing program participants who received only an initial contact or less with those who 

received more than the initial contact indicated no significant differences in outcome measures 

based on level of services. Results are somewhat consistent with prior research, however, gender 

differences are rarely reported, and no other published diversion evaluation studies have used 

growth curve modeling strategies to assess program effects on change over time. Further use of 

these methods and the application of this framework will tremendously advance the diversion 

evaluation field and the understanding of what works best on what factors and for whom in 

juvenile diversion programming. 
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DEFINITION OF TERMS 

Delinquency – Engaging in illegal or deviant behavior that could or does lead to disciplinary 

actions at school or trouble with the law. 

Diversion – A type of juvenile justice intervention provided after initial involvement with justice 

authorities and aimed at preventing further involvement with justice authorities or court 

systems. 

Framework – In this research, 'framework' refers to a combination of longitudinal research 

design, data integration from multiple sources, an ecological approach to outcome 

measures, and a set longitudinal analysis methods for quantitative analysis in program 

evaluation.  

Intercept – The value of the dependent variable (Y) when the value(s) of the independent 

variable(s) (X) is zero in a regression equation or model. 

Juvenile – Any youth under the age of 18 years. The term is synonymous with Adolescent. 

Juvenile Justice System – This encompasses police, corrections, courts, and social services 

programs administered by law enforcement agencies for the purpose of serving juvenile 

offenders separately from adult offenders.  

Model – For this research, the term model implies a statistical formula or set of formulas for 

analyzing variable measures for inference. 

Offender – An individual who commits an offense as described below.  
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Offense – The occurrence of a violation of a law, ordinance, or condition of probation resulting 

in involvement with justice authorities, either by arrest, probation violation, or detention. 

Parameter – The statistical estimate of model equation components in longitudinal analysis. 

Recidivism – Variously defined as arrest, adjudication, criminal charge, or detention for repeated 

or new acts of delinquency resulting in justice system involvement subsequent to some 

initial or prior involvement with justice authorities. 

Slope – The incremental change in the value of the dependent variable (Y) for every unit change 

in the independent variable (X) in a regression equation or model. 

Triangulation – For this research, triangulation refers to the integration of multiple data sources 

including self-report and official records for the purpose of expanding understanding of 

outcome phenomenon. 



1 
 

CHAPTER I: INTRODUCTION 

 

Problem Statement 

 

Most evaluations of juvenile delinquency intervention programs, including diversion, are 

limited in scope, testing one or a few specific models or types of interventions, and rarely 

including outcomes other than recidivism. The majority of systematic reviews tend to follow suit 

(Farrington & Welsh, 2003; Latimer, 2001; Lipsey, Wilson, & Cothern, 2000), synthesizing 

research that examines the impact of a particular type of intervention on recidivism (Lipsey, 

2009). In our country, an estimated 25% of adolescents who come in contact with the juvenile 

justice system are referred for juvenile diversion, a type of intervention aimed at diminishing the 

chances of future contacts with law enforcement and preventing deeper penetration into the 

juvenile and adult court systems (Models for Change, 2011). The evidence base in support of 

diversion programs, however, remains under-developed, with limited consensus about 

intervention models that are more or less effective (Schwalbe, Gering, MacKenzie, Brewer, & 

Ibrahim, 2012). While recent studies highlight the promise of several diversion program models, 

they fail to illuminate changes in outcomes other than recidivism, a shortcoming of most juvenile 

justice program evaluations. What is needed is a method for demonstrating changes in behavior 

and psychosocial outcomes among those who participate in diversion programs. By using a more 

comprehensive approach, program planners could be provided with a far more comprehensive 

basis on which to draw conclusions about the overall efficacy of diversion programs (Slinger & 

Roesch, 2010) and their impact on youths, families, and communities.  
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The lack of depth in the study of youth diversion programs appears to perpetuate a lack of 

theoretically based solutions for youth delinquency. A more ubiquitous inclusion of outcome 

measures beyond recidivism could broaden the scope of examination and enhance understanding 

of the underlying factors related to delinquency and how justice interventions impact these 

factors (Dembo et al., 2008; Mulvey, Arthur, & Reppucci, 1993). Furthermore, understanding 

how juvenile intervention programs impact behaviors, including the behaviors of those who do 

not get caught, would provide much needed guidance for practitioners and policymakers in terms 

of greater knowledge about the interpersonal changes that are integral to youth development and 

to the reduction of youth delinquency (Carney & Buttell, 2003; Farrington & Welsh, 2003).  

The limitations related to the measures used to evaluate juvenile justice diversion 

programs are compounded by the lack of advanced quantitative analytical methods employed in 

these studies. While few studies explore self-reported behavior or psychosocial factors as 

outcome measures in evaluation of diversion programs, even fewer use quantitative methods that 

explore changes over time in the various factors targeted by the intervention. The most popular 

method for studying the impact of diversion programs appears to be logistic regression, a logical 

choice considering the dichotomous nature of recidivism (arrest versus no arrest) and the 

pervasive use of recidivism as the outcome of interest. Other methods include survival analysis, 

hierarchical linear modeling, various forms of linear regression, and the occasional chi-square, t-

test, and analysis of variance comparisons. While the methods used may not be considered cross-

sectional since recidivism occurs at a future time, they do not necessarily include a time 

component. While survival analysis begins to address the passage of time, it is only in terms of 

the quantity of time elapsing, and not in terms of changes that occur over a period of time. It 

would benefit program developers to understand more clearly how developmental patterns 
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related to the psychosocial and environmental predictors of delinquency are affected by program 

participation.  

Purpose 

The current study addresses many of the methodology shortcomings inherent in 

evaluation of juvenile diversion programs by demonstrating the use of longitudinal analysis 

methods coupled with an ecological approach to data collection and outcome measures as a 

framework for expanded understanding about the impact of juvenile diversion programming. By 

integrating multiple existing sources of both self-report and official record data, an even broader 

scope of understanding is achieved as compared to traditional approaches. By using more 

sophisticated analytic techniques to measure change over time, various developmental patterns 

among program participants can be examined and compared to those who do not participate or 

those who receive a different level of services.  

This study examines outcomes from adolescent reports in the Mobile Youth Survey 

(MYS) about attitudes, delinquent behavior, and family functioning, including drug and weapon 

use, behavioral self-worth, attitudes about the necessity of person violence, parental monitoring, 

and curfew rules. Using data integration to broaden the scope even further, this self-report data is 

combined with official records data from the Mobile County Public School System related to 

absenteeism and school disciplinary referrals and case records from the Mobile Police 

Department related to youths involved with law enforcement. These measures are then used to 

assess change over time for adolescents involved in a juvenile justice diversion intervention 

across the ages of ten to 18 using longitudinal growth curve and piecewise analysis methods.  

Three longitudinal techniques are presented as part of a framework for enhancing the 

information gleaned from program evaluation beyond what has been reported in the past. The 

first model provides a method for comparing adolescents in a diversion program with a reference 
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group of adolescents with similar demographics to determine if participation in the diversion 

program leads to changes that are different from what is “typical” for adolescents with similar 

life circumstances. In addition, differences between males and females are examined. In a sense, 

this model provides an external control and a test of whether trajectories 'revert' or 'conform' to 

normative patterns as a result of intervention. The second model demonstrates a comparison of 

groups based on the level of services received. This model allows evaluators to determine if 

more services received by an adolescent will result in more differential change over time in the 

outcome measures. The final model demonstrates a method for assessing developmental 

pathways prior to and after involvement with a juvenile justice diversion program, and how these 

pathways are different for males and females. These final discontinuous models provide a 

baseline of outcomes for the adolescents prior to program involvement, while also modeling 

change over time in the outcomes after entering the diversion program.  

The value of integrating data from multiple sources along with the use of longitudinal 

modeling methods is demonstrated using a juvenile diversion program example. This research is 

important because it provides a framework for enhancing evaluation in several ways, not only by 

including a broader perspective of adolescent behaviors and attitudes beyond recidivism, but also 

by providing a way to examine the factors associated with delinquency for all program 

participants, not just those who got caught a second time. Understanding youth behavior and the 

impact of interventions from an ecological perspective also takes into account important factors 

related to the multiple systems in which youth participate (Carney & Buttell, 2003).  

The purpose of the study is to present a framework (See Figure 1) for quantitative 

analysis using a longitudinal research design with existing secondary data, multiple data source 

integration, and ecologically-based outcome measures, along with longitudinal piecewise and 
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growth curve analysis to enhance strategies for evaluation in the context of juvenile justice 

diversion interventions. This framework offers utility for examining developmental pathways 

before and after an intervention, and for examining group differences in development over time. 

  

 

Figure 1. Framework for Longitudinal Analysis in Program Evaluation. 

 

Although these quantitative analysis methods are rarely used in social service 

evaluations, they can effectively demonstrate the impact of juvenile diversion programs by 

examining program effects in relation to change over time in the behaviors, attitudes, and social 

factors targeted by the programs. The integration of multiple data sets from the MYS, the Mobile 
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County School System (MCPSS), and the Mobile Police Department's Family Intervention Team 

(FIT) program also helps demonstrate the value of broadening the scope of understanding related 

to the intervention effects on a variety of factors that are said to contribute to or predispose a 

person toward delinquency. The combination of data integration and longitudinal analysis 

provides an innovative but also viable way to improve upon current quantitative analysis 

methods in juvenile diversion evaluation, as well as programmatic evaluation in other fields.  

Study Synopsis 

To accomplish this purpose, multiple sources of secondary data were combined to 

broaden the scope of outcome measures, including self-reported and official records data. 

Selected measures from the MYS project (Bolland, 2007) including self-reports of delinquency 

behavior, psychosocial factors, and family functioning, along with official records measures of 

school attendance and disciplinary referrals, were used as outcome measures to test the impact of 

participation in the FIT program (City of Mobile Police Department, 1999-2014) on these 

outcomes over time. Data from the FIT program was used to model trajectories for participants 

before and after referral to FIT (using a time-varying predictor of entry into the program), along 

with group differences related to services received (comparing those who received services with 

those who were referred but did not receive services), and normative group comparisons 

(comparing FIT participants with similar peers). A gender variable from the MYS data was used 

as an additional independent variable for group comparison in two of the model sets. 

Longitudinal piecewise models were used to answer the research question related to 

developmental trajectories in eight dependent variable measures before and after participation in 

the FIT program. Longitudinal growth curve models were used to answer the research questions 

related to comparisons between FIT youths who received more than an initial contact and those 
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who did not and comparisons between FIT referred youth and similar at-risk peers from the same 

neighborhoods who were not referred to the FIT program. 

Research Questions 

1a) How do developmental trajectories of delinquency related behaviors, 

psychosocial factors, family functioning, and school functioning differ between youths who 

receive an intervention program and similarly eligible at-risk youth from the same 

neighborhoods who do not receive the program (normative comparison group)? 

Rationale: Program referred youth will exhibit greater levels (for negative outcomes) or 

lesser levels (for positive outcomes) of the dependent variables initially (at intercept), but the 

intervention will impact participants to the extent that developmental patterns trend toward, on 

average, the developmental patterns of similar peers who did not participate in the program.  

1b) How do changes for males and females differ in trajectories of delinquency 

related behaviors, psychosocial factors, family functioning, and school functioning among 

intervention youths as compared to similarly eligible non-intervention youth from the same 

neighborhoods.  

Rationale: Youth participating in the program may be impacted differently depending on 

gender, as some research indicates that different genders respond differently to various program 

designs (Annie E. Casey Foundation, 2009; Boxer & Goldstein, 2012). 

 2) How do developmental trajectories of delinquency related behaviors, psychosocial 

factors, family functioning, and school functioning differ between youths who receive a 

higher level of program services and similar participants who were referred to the 

program, but who received a minimal level of services? 
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Rationale: Both groups should exhibit similar outcome levels at the time of program 

initiation, but the program should make a difference in change over time for those who accept 

and receive an appropriate level of services based on individual need as compared to those who 

do not receive services. 

 3a) How do developmental trajectories of delinquency related behaviors, 

psychosocial factors, family functioning, and school functioning change upon initiation and 

after participation in an intervention, regardless of the receipt of services, among youths 

referred to the intervention program? 

Rationale: While levels of delinquency and attitudes about the need for personal violence 

are expected to increase at the time of program initiation, with family and school functioning and 

self-worth decreasing at the time of initiation, the program would be expected to have an impact 

on the rate of change over time – causing a decrease in negative factors and an increase in 

positive factors.  

3b) How do changes for males and females differ in trajectories of delinquency 

related behaviors, psychosocial factors, family functioning, and school functioning among 

intervention youths upon referral to and after the intervention program, regardless of the 

receipt of services? 

Rationale: Youth participating in the program may be impacted differently depending on 

gender, as some research indicates that different genders respond differently to various program 

designs (Annie E. Casey Foundation, 2009; Boxer & Goldstein, 2012). 

Significance 

While social scientists focus ample attention on the rate of continuation and repetition of 

juvenile offenses (Guerra & Williams, 2012), they appear to focus little attention on how 

diversion services work to change the very factors that contribute to or predict delinquency. 
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Many delinquency researchers and juvenile justice programs are collecting psychosocial and 

behavioral information from program participants, but fail to use this information to its fullest 

potential by applying analytic techniques that could tell a much broader story than the one told 

strictly by recidivism. Longitudinal evaluation of the impact of an intervention upon the 

progressive development of youths’ attitudes, behaviors, family factors, and school functioning 

may provide clues to the etiology of life-long trajectories of delinquency and the optimal timing 

of preventive and therapeutic juvenile justice interventions (Chou, Yang, Pentz, & Hser, 2004; 

Jackson, 2010; Naumova, Must, & Laird, 2001). More importantly, the ability to model patterns 

of behavior or characteristics before and after a critical period or intervention allows researchers 

to assess change in the progression of an outcome, as well as whether an enduring effect on the 

process of interest has occurred (Fitzmaurice & Ravichandran, 2008; Naumova et al., 2001).  

Growth curve modeling and true longitudinal designs offer a viable method for 

illustrating how programmatic influences impact the pathways of development among delinquent 

youth (Willett, Singer, & Martin, 1998). These and other recent advances in statistical methods 

offer a level of utility and flexibility for analysis of developmental patterns and changes, but 

have yet to make a sizable impact on empirical research in fields such as psychology and the 

social sciences (Fitzmaurice & Ravichandran, 2008; Jackson, 2010; Willett et al., 1998). Studies 

using these methods can not only demonstrate the utility of their application for assessing change 

over time, but can also offer encouragement for the field to explore the these methods more 

pervasively. Furthering the use of these methods may advance the development of partnerships 

with schools and community agencies for the use of existing repeated measures data to enhance 

and broaden research and evaluation efforts. This study is innovative in these ways and seeks to 

enhance the body of literature related to juvenile diversion evaluation by demonstrating the use 
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of data integration and longitudinal analysis methods as a framework for quantitatively assessing 

the effects of a diversion intervention. This study also shows how expanding the scope of 

measures from multiple sources can substantially enhance the study of interventions and broaden 

the scope of knowledge and understanding that can be gained from these assessments.  

This research contributes to the diversion evaluation literature by providing insight into 

whether or not, by how much, and for what factors does change occur based on receiving 

diversion services and whether these changes are different across groups. This study 

demonstrates a seldom used method of quantitative analysis for evaluation of change over time 

in relation to program participation. Repeated measures are often collected but are rarely used, 

and certainly not to their full potential as will be demonstrated here. Furthermore no longitudinal 

studies evaluating youth diversion programs with both self-report and school records yielding 

ecological outcome measures could be found in peer-reviewed literature, and no similar studies 

of juvenile diversion currently exist to guide researchers in the use of these complex analysis 

methods for practical application. 
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CHAPTER II: REVIEW OF THE LITERATURE 

 

Background 

 Evaluation strategies of juvenile diversion programs, up until now, have been very 

limited in their analytical methods and research questions, particularly in terms of examining 

programmatic impact on change associated with targeted risk and protective factors. Although 

recidivism is the most widely used measure of program success or failure (Harris, Lockwood, 

Mengers, & Stoodley, 2011; Jeong, McGarrell, & Hipple, 2012; Schwalbe et al., 2012), it has 

long been recognized as a problematic measure of actual youth behavior (Harris, Lockwood, & 

Mengers, 2009; Mulvey et al., 1993; Snyder & Sickmund, 2006). Using statistical techniques and 

data collection methods that yield greater information about the associated risk factors and 

specific programmatic impacts will most likely positively affect the programs and participants 

jointly. The increasing trend to treat juvenile offenders in community settings rather than 

traditional detention centers and criminal courts raises important questions about what is most 

effective for addressing the risk and protective factors of juvenile delinquency (Guerra & 

Williams, 2012). Calls for reliable performance data on the efficacy of juvenile justice programs, 

coupled with the push toward the use of evidence based practices, makes finding more 

innovative evaluation methods more critical than ever (Harris et al., 2011). As more juvenile 

programs seek to address the root causes of delinquent behavior rather than punishing or 

incarcerating youths for the outward symptoms, the lack of and necessity for more empirically-

based evaluations becomes more apparent (Slinger & Roesch, 2010).  
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Juvenile delinquency, itself, is a persistent and complex social problem that significantly 

taxes our society through a multitude of avenues, not the least of which is the loss of human 

potential (Flash, 2003; Mulvey et al., 1993). Families, schools, employers, communities, and 

governments are all systems that bear both the strains of youth criminal and delinquent behavior, 

as well as the responsibilities for rectifying conditions and factors that could abate the social 

consequences of youth delinquency. Young people who deeply penetrate the United States 

Justice System experience some of the worst odds for life-long success of any other youth cohort 

(Annie E. Casey Foundation, 2009). 

Substantial effort and resources have been funneled toward reducing juvenile 

delinquency over the years, and with the recent downward trend in the rate of juvenile arrests 

and court cases, it appears some progress is finally taking place. However, it is difficult to know 

from these reports of arrests and court cases whether youth behavior is actually changing or 

whether changes in the system of response have played a role in these reductions. System 

changes could result from either a lack of adequate resources (possibly leading to fewer arrests) 

or a change in the application of those resources toward less punitive approaches (potentially 

leading to fewer official arrests and subsequent court cases). While the decrease in recorded 

juvenile crime offers hope, it is possible that the rates of arrests and court cases only provide 

inadequate proxy evidence of change, change that may be more related to the system than to 

youth behavior (Bishop & Decker, 2006; Snyder & Sickmund, 2006). In order to adequately 

assess current methods of intervention, more defensible and comprehensive evaluation strategies 

that focus on the factors contributing to youth delinquency are needed. 

Innovative methods for determining what works, in terms of youth attitudes, behaviors, 

and social functioning, seem critical. Tracking arrests, rearrests, and court cases provides 
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insufficient evidence of changes in actual youth delinquency, as many juvenile crimes go 

undetected and many youths are handled informally outside of the court system (Sickmund, 

2009). Programs to divert youth involved in non-violent and status offenses away from court 

systems are common. Many of these programs rely on existing or less costly community systems 

and justice programs to address the needs of delinquent youth, with the overall aim of preventing 

further penetration into the juvenile and adult court systems (Models for Change, 2011). While 

such interventions may be less punitive and less costly, knowledge about their actual effect on 

youth behavior is critical if policymakers intend to significantly alleviate the social and human 

costs associated with juvenile delinquency. 

The discussion that follows offers a brief glimpse at juvenile crime in general and the 

Nation’s response to juvenile crime over the past twenty or so years. One pervasive strategy for 

addressing the needs of delinquent youth (as well as the needs of an overburdened system) is that 

of diversion programming. A review of research related to juvenile diversion programming is 

presented, primarily in relation to studies that attempt to assess the effects of diversion 

programming and the quantitative methods used for these evaluations. While youth diversion is 

but one example of the many strategies employed to deal with youth delinquency, it offers an 

excellent platform for demonstrating how and why current methods for evaluating the impact of 

such programs are not only inadequate, but also lacking in the level of depth and substance 

needed to fully understand changes in youth behavior and social functioning as a result of 

intervention. Following the review of current diversion evaluation research, an innovative 

framework for quantitative analysis in evaluation of the impact of juvenile diversion, and 

potentially many other interventions, is presented. This framework suggests the integration of 

multiple data sources, the expansion of outcome measures, and the use of longitudinal analysis 
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methods to assess changes in the attitudes, behaviors, family factors, and school functioning of 

youth over time as a result of participation in a juvenile justice diversion program.  

Youth Delinquency 

 While the majority of youths are never involved in illegal activities or arrested, the 

number of youths coming in contact with the United States Juvenile Justice System reached an 

all-time high of nearly 2.9 million arrests in 1996. This number, of course, does not include those 

who engage in delinquent acts but were not arrested. Of those who do get in trouble with the law 

each year, most are never arrested a second time (Bishop & Decker, 2006; Mallett, 2011). After 

three decades of steady increase, the rate of arrests of persons under the age of 18 decreased to 

an estimated 1.6 million in 2010, representing approximately 4.9% of the youth population ages 

10 to 17 (Puzzanchera & Kang, 2013). Although the decline in juvenile delinquency cases since 

the mid-1990’s is the most substantial decrease since 1960, juvenile courts, on the other hand, 

processed 46% more cases in 2005 than were handled in 1985. Furthermore, the overall pattern 

of increasing and more recently declining rates of overall arrests is dramatically inconsistent with 

trends in particular arrest categories (or types of crime). 

Sickmund (2009) estimates that from 1985 to 2005 juvenile arrests for public order 

offenses increased by 146%, and person offense cases rose by 124% by 1997 but then leveled off 

with a slight 4% increase from 1997 through 2005. Drug offense cases remained steady from 

1985 through 1993 (rising just 17%), but rose dramatically by 109% from 1993 through 1997, 

then again leveled with a marginal 3% decline through 2005. In contrast, property offenses 

increased just 26% from 1985 to 1992, then decreased by 33% from 1992 to 2005, making this 

general offense category the only one with an overall decrease (15%) between 1985 and 2005. 

Although females account for a relatively small proportion of the juvenile delinquency caseload 
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nationwide, more and more young women are becoming involved with the juvenile justice 

system. Their numbers have more than doubled since 1985, rising from 19% of the juvenile 

delinquency cases in 1985 to 27% in 2005 (Sickmund, 2009). These dramatic changes, and more 

recently waning overall trends, can be viewed both as a function of changes in youth behavior, as 

well as a function of changes in the juvenile justice system itself and its handling of delinquency 

cases over time. Recent decreases may reflect concern over the cost of juvenile court processing 

coupled with a shift away from ‘tough on crime’ and ‘zero tolerance’ perspectives toward a more 

rehabilitative approach (Annie E. Casey Foundation, 2009; Mallett, 2011).  

Juvenile Justice System 

Founded over 100 years ago upon the principles of guidance and treatment for youth 

offenders, as well as protection from the corrupting influence of adult criminals, the juvenile 

justice system and its policies have endured numerous reforms, shifting most dramatically since 

1960 in ways that challenge the principles on which the system was founded (Annie E. Casey 

Foundation, 2009; Bishop & Decker, 2006). The longstanding struggle between its intention for 

rehabilitation and the periodic public push toward strict control and punishment has mixed the 

waters of juvenile justice to a muddy mess, ranging from doing nothing, to imposing the most 

severe adult sanctions on youthful offenders (e.g. life without parole in adult prisons, and the 

death penalty (Bishop & Decker, 2006; Lipsey, Howell, Kelly, Chapman, & Carver, 2010). 

During the first half of the twentieth century juvenile justice systems were, for the most part, 

focused on a rehabilitative model. However, the system for handling juvenile crime and 

delinquency changed dramatically over the second half of the twentieth century and continues to 

struggle philosophically and practically in terms of the issuance of rehabilitation, punishment, 

and control.  
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With the sharp increase in the national crime rate in the 1960’s and 1970’s, coupled with 

an emergence of less than stellar evaluations of rehabilitative interventions, public opinion 

shifted to a ‘nothing works’ view, casting doubt over therapeutic policies and practices (Lipsey 

et al., 2010). And the pendulum swung. Harsh punishment and incarceration of serious juvenile 

offenders increased, and a rush toward punitive policies in the 1990’s marked a substantial break 

from the historical foundations of juvenile justice (Skowyra & Powell, 2006). Moreover, ‘zero 

tolerance’ policies in school systems and resource shortages in mental health and child welfare 

systems served to exacerbate the problem, as juvenile detention centers became default providers 

for delinquent and troubled youth, but lacked the resources needed to provide an effective 

rehabilitative response (Annie E. Casey Foundation, 2009). While some policymakers may not 

have considered incarceration as the best response, sufficient evidence for alternative 

community-based programs was lacking (Models for Change, 2011). 

Tragically, these ‘get tough’ practices have also had little effect on reducing juvenile 

crime rates and recidivism (Bishop & Decker, 2006), and fundamentally violate what is known 

about youth development and behavior. Worse yet is that research evidence demonstrates a 

production of negative, rather than positive, outcomes for youth, communities, and tax payers as 

a result of these harsh policies (Annie E. Casey Foundation, 2009). And so the pendulum swings 

again. During the beginning of the twenty-first century, countervailing trends are moving away 

from, or even abandoning, punitive approaches and are moving toward embracing options that 

include rehabilitative approaches for addressing the therapeutic needs of many youthful 

offenders (Skowyra & Powell, 2006).  

More recently, two progressive policy reforms have been embraced by education, mental 

health, child welfare, and juvenile justice systems. These include a push toward evidence-based 
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practice focusing on effective services for children and families and the emergence of systems of 

care to address infrastructure linkages between various programs and services (Lipsey et al., 

2010). Policymakers are more cognizant today of the influence of and connection between 

schools, neighborhood contexts, family risk factors, and delinquent behavior. Evaluation 

practices have also advanced in terms of illuminating intervention strategies that are most and 

least effective. With these changes, attention has shifted toward prevention and early intervention 

as strategies to alleviate the burden on juvenile justice systems, while also altering the life 

trajectories of youthful offenders to improve their chances of prospering as productive adults 

(Bishop & Decker, 2006; Lipsey et al, 2010).  

Diversion Programs 

 Included in the many changes to the juvenile justice system over the years are the concept 

of diversion and the implementation of diversion programs. The concept was originally adopted 

by the adult criminal justice system in the 1960’s and later recommended by the President’s 

Commission on Law Enforcement and Administration of Justice in 1967 as a viable option for 

the juvenile system. Diversion for juvenile offenders was officially established and funded in 

1976 through a $10 million initiative by the Office of Juvenile Justice and Delinquency 

Prevention’s Special Emphasis Branch (Models for Change, 2011). The policy shifts in juvenile 

justice in the 1990’s toward a more punitive approach served to largely sidetrack the diversion 

trend of the 1970’s and 1980’s, although diversion remains an important aspect of juvenile 

justice programs (Bishop & Decker, 2006). Although juvenile justice diversion has been 

practiced for nearly 40 years, inconsistency remains regarding what diversion programs and 

processes actually entail. However, one common goal appears consistent throughout – to 
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minimize the involvement of youth in the formal trappings of the juvenile court system (Models 

for Change, 2011).  

 Whether viewed as secondary prevention (Bishop & Decker, 2006) or as an intervention 

(Lipsey et al., 2010), most diversion programs target youth who have already begun to 

experience trouble and have come into contact with the police or juvenile authorities. Models for 

Change (2011) cites five main themes, or objectives, appearing consistently within the missions 

of juvenile diversion programs over the last 35 years. These include providing services, reducing 

recidivism, avoiding the effects of delinquency labeling, reducing costs, and lessening 

unnecessary social control, with the reduction of recidivism being the most widely used indicator 

of program effectiveness (Harris et al., 2011; Schwalbe et al., 2012). Although all juvenile 

diversion programs are aimed at preventing further penetration of youth into the justice system, 

most are designed to address the unique needs of the youth and their family, leading to 

significant variation in approaches and methods for achieving the goal (Hamilton, Sullivan, 

Veysey, & Grillo, 2007). The extensive array of options used by diversion programs makes 

generalizations about them and their effects difficult (McCord, Widom, & Crowell, 2001). 

However, there are some key differences and similarities. 

 Cocozza et al. (2005) discusses four key domains, among others, on which diversion 

programs differ substantially. The first is point of contact or method of entry, whether by police, 

parents, schools, or probation officers. The second domain involves the manner in which charges 

are handled, whether held in abeyance or fully processed for sentencing. The third area of 

distinction is the target population, whether the program serves only first-time offenders, only 

status offenders, only misdemeanor offenders, or is inclusive of felony and violent offenders. 

The fourth domain, and that which tends to be the focus of most evaluations, is the primary 
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intervention used by the program, such as treatment-based, community-based, or justice-based. 

Regardless of the method for case selection or the main focus of intervention, four key 

components of diversion programs have been cited as essential elements of effective programs, 

including screening and assessment, using or incorporating community-based services and 

treatment, using holistic family-centered interventions, and minimizing formal processing 

(Cocozza et al., 2005; Hamilton et al., 2007). However effectiveness is a term used loosely here, 

as results of evaluations of diversion programs over the last 20 years have been mixed (Latimer, 

2001; McCord et al., 2001; Models for Change, 2011), with most focusing on recidivism 

outcomes (Harris et al., 2011) and very few assessing changes in youth behavior and family 

functioning as a result of intervention (Schwalbe et al., 2012). 

Prior Research 

Quantitative Methods used in Diversion Evaluation  

A brief review of the analysis methods used in more recent evaluation studies of 

diversion programs is necessary for understanding the shortcomings associated with popular 

quantitative evaluation strategies beyond the limited nature of using official records of 

recidivism as the primary outcome measure. However, quantitative methods used in evaluation 

of juvenile justice diversion programs would be remiss without some discussion of the research 

designs and data collection strategies that drive the employment of these methods. The selection 

of a statistical methods is inherently dependent on the strategies for inquiry (research design), 

type of data available, and the purpose for which the analysis is being conducted – the research 

question(s) (Creswell, 2009).  
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Research Design and Data Collection 

Quantitative research design can be as simple as a cross-sectional survey designs or as 

complex as repeated measures and factorial experimental designs (Creswell, 2009). Creswell 

describes research design as the intersection of philosophical worldview, strategies of inquiry, 

and research methods. While the strategies for inquiry examined herein are quantitative, 

evaluation studies might also use qualitative and mixed methods approaches to fully examine the 

efficacy of a program, both in terms of process and outcome. The third element of Creswell's 

framework, the research methods, includes the strategies for data collection, analysis, and 

interpretation employed to answer the research questions.  

Data collection may involve the use of only secondary data sources such as official 

records and existing survey data (e.g. Aos, 2004; Jeong et al., 2012), or only primary data 

collection such as self-report surveys, psychosocial assessments, or parent interviews (e.g. Lane, 

Turner, Fain, & Sehgal, 2007). However, most studies reviewed herein used a combination of the 

two, mixing self-report data with official records of recidivism (e.g. Carney & Buttell, 2003; 

Dembo et al., 2008; Hodges, Martin, Smith, & Cooper, 2011; Stickle, Connell, Wilson, & 

Gottfredson, 2008). For the current study only secondary data is used. The data was obtained 

from previously conducted self-report surveys and official records from schools, law 

enforcement, and juvenile courts.  

Beyond the strategy used to collect the data is the question of how to analyze or make 

sense of the information collected, and the answer depends on the data itself. Whether collected 

directly from participants in the form of self-reports or gleaned from existing case records, the 

primary concern for choosing a particular method of analysis is the scale of measurement on 

which the outcome of interest (dependent variable) is based. If the outcome variable is 
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dichotomous or categorical, such as a yes or no response for being arrested or in the prediction of 

treatment group based on a set of independent variables for example, a non-parametric test will 

be needed. If the dependent variable is continuous, for example a ratio-level scale score on a 

psychological measure or the number of days absent from school, then parametric tests such as 

ANOVA (group comparisons) or regression (predictive models) might be possible. The various 

statistical assumptions of these tests also need to be considered. In addition, one must consider 

the research question at hand and what analysis might be needed to answer the research question 

(McCrum-Gardner, 2008). For example are the outcomes for two independent groups being 

compared, such as the case in experimental design, or is the question related to the identification 

of factors that influence a particular outcome.  

The most popular analytical method for studying the effects of diversion programs 

appears to be logistic regression, a logical choice considering the dichotomous nature of 

recidivism (arrest versus no arrest; conviction versus no conviction). Other methods include 

survival analysis, hierarchical linear modeling, various forms of linear regression, analysis of 

variance (ANOVA), and the occasional chi-square and t-test comparisons. All of these methods 

have particular rules about the scale on which the dependent and independent variables are based 

and the need for meeting particular statistical assumptions. The following provides a discussion 

type of variables and analysis methods used by diversion evaluation researchers.  

Variables Studied in Diversion Evaluation 

Recidivism. Recidivism and time to re-offense are the two primary outcome measures 

used in diversion program evaluations (Jeong et al., 2012; Schwalbe et al., 2012), with 

recidivism receiving the most attention (Harris et al., 2011). However, measures of recidivism, or 

re-offense, lack any sort of uniform research or reporting standards leading to an inability to 
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generalize or average across programs, localities, and states (Harris et al., 2009). Even the 

concept of ‘commission of an offense’ seems problematic, particularly in relation to status 

offenses and diversion without arrest. Consequently an offense could refer to simple, non-

criminal violations (such as curfew violations or truancy), violations of probationary terms, or 

commission of a criminal act. Furthermore, 'recidivism' implies that some offense has occurred 

subsequent to some prior offense, which may not be the first offense, compounding the 

complexity of defining and measuring recidivism (Harris et al., 2009). Most juvenile correctional 

agencies use more than one official measure of recidivism, with recidivism most commonly 

counted as rearrest, repeated referral to court, additional conviction for a subsequent offense, or 

reconfinement. Based on the variety of measures, an estimated national juvenile recidivism rate 

could range anywhere between 25% and 55% depending on the measure, with rates tending to 

decrease as one moves along the continuum from the arrest to reconfinement (Harris et al., 

2009). These variations in definitional and reporting mechanisms extend to research on juvenile 

delinquency and justice interventions as well.  

While correctional agencies rarely use only rearrests as a measure of recidivism, it 

appears that many evaluation studies of diversion programs use rearrests as the primary or only 

outcome of interest representing recidivism (e.g. Baffour, 2006; Dembo et al., 2008; Hamilton et 

al., 2007; Jeong et al., 2012; Krebs, Lattimore, Cowell, & Graham, 2010). A few studies have 

used a more restricted measure of recidivism, including only the occurrence of adjudication or 

conviction (see Aos, 2004; also Hodges et al., 2011), while a few others have used only self-

reported delinquency to measure juvenile justice intervention effectiveness (e.g. Dembo et al., 

2000; Lane et al., 2007). A few researchers have coupled official rearrest data with self-reported 

data, including outcomes related to delinquency and other behavioral and psychosocial factors 



23 
 

(Carney, & Buttell, 2003; Dembo, Wareham, Poythress, Cook, & Schmeidler, 2006; Stickle et 

al., 2008). As mentioned above, recidivism as an outcome measure collected from official 

records only, even with the least restrictive criteria of rearrests, can be problematic (Snyder & 

Sickmund, 2006). As indicated previously, recidivism only tells part of the story in relation to 

delinquent youth behavior.  

Ecological factors. Numerous studies shed light on the associations between individual, 

family, school, and environmental factors (often referred to as risk and protective factors) and 

delinquency. For example, in a study involving 10 to 13 year old students in Germany, Wiesner 

and Silbereisen (2003) identified high peer tolerance of deviance, poor academic achievement, 

and low parental empathy as consistently linked with all offending growth trajectories. Age, 

gender, and low parental monitoring were also significant predictors of membership in the high-

level offender group. Wiesner and Windle (2004) tested the relationship between self-reported 

delinquency and academic achievement, perceived family support, stressful life events, 

depressive symptoms, and alcohol and substance use among sophomore and junior high school 

students in New York. Students with unsupportive family environments, poor academic 

achievement, negative life events, and more problems with adjustment were more likely to be 

members of the high-level chronic offenders group than the normative trajectory group. While 

these studies point to the factors that may contribute to delinquency, few studies have included 

such factors as outcome measures in evaluation. 

Psychosocial predictors. Known associations between psychosocial factors and 

delinquency have been studied in evaluation of diversion programs. For example Dembo et al. 

(2006) examined the predictive value of a number of psychopathy subscales while controlling for 

diversion program assignment. Among grandiose-manipulative, callous-unemotional, impulsive-
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irresponsible, and narcissism subscales, only the callous-unemotional and impulsivity scales 

were found to be significantly and positively associated with recidivism, regardless of program 

assignment. Although not used as variables in their study, Dembo et al. (2008) discuss previous 

studies linking poor family functioning, deviant peer associations, peer rejection, educational 

difficulties, alcohol and substance use, and poor emotional and psychological functioning with 

increases in the likelihood of delinquent offending. While Dembo et al. (2008) did use a 

psychosocial assessment of recidivism risk and overall risk scores to be predictive of post-

diversion arrests and arrest charges, they recommend more explicit use of these variables, not 

only as predictors but also as outcomes, in future evaluations of diversion programs (also see 

Hodges et al., 2011).  

Psychosocial outcomes. While these studies identify some significant correlates to and 

predictors of delinquent behaviors, few evaluation researchers have ventured to measure changes 

in these and other factors as a result of diversion interventions. As mentioned above, several 

researchers have integrated official records data with self-report data in an effort to connect a 

variety of psychosocial variables, such as attitudes, family and school connectedness, and family 

functioning with delinquent behavior (Carney & Buttell, 2003; Dembo et al., 2006), but only a 

few have included these factors as outcome variables in evaluations of diversion interventions 

(Dembo et al., 2000). Hodges et al. (2011) claim to actually be the first post-arrest diversion 

evaluation study to present outcomes on psychosocial functioning. Using a Juvenile Inventory 

for Functioning scale (JIFF; a computerized interviewing and assessment system developed by 

Hodges) intake and post-test scores were compared after participation in a diversion program. 

The youth self-report JIFF includes subscales for ten domains of functioning including school, 

peer relations, noncompliance in the home, family environment, unsafe community behavior, 
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feelings related to trauma, depression and anxiety, potential for self-harm, irrational thought, 

substance use, and health-related concerns. A caregiver interview includes these scales for 

reporting caregiver perceptions of youth functioning, as well as a burden of care subscale. The 

study subsample with both completion of the program and completion of the JIFF exit interview 

within 15 months of program initiation consisted of 259 youth and 244 caregivers. 

While the focus of the study was on psychosocial functioning post-diversion using exit 

JIFF interviews, predictive analyses were run using intake JIFF subscales in logistic regressions 

on whether youths referred to the program were adjudicated for another offense within one year 

after services. The odds of re-offense were significantly increased for youth with greater 

psychosocial impairment at intake and for males. For youths who participated in the exit JIFF 

interview, significant improvements were found in the total JIFF score, as well as all subscale 

scores, except for peer relations. Results for caregiver reports of youth functioning were also all 

significantly better, including that for peer relations (Hodges et al., 2011). While this study offers 

support for the particular diversion program evaluated, it more importantly demonstrates actual 

change in youth behavior and functioning as a result of participation in a diversion intervention, 

rather than merely assessing recidivism among youth who got caught. Despite these benefits, this 

study fails to include a comparison group who did not receive the program in order to control for 

potential maturational bias.  

 Self-reported delinquency. While Hodges et al. (2011) may have been the first to 

examine psychosocial measures as outcomes to assess the effectiveness of a juvenile diversion 

program, others have examined self-reported substance use (Dembo et al., 2000; Lane et at., 

2007), caregiver-reported youth functioning and delinquent behavior (Carney & Buttell, 2003), 

and self-reported delinquent behavior (Dembo et al., 2000) as outcomes related to diversion 
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interventions. In a random assignment experiment of the impact of community-based 

wraparound services versus conventional juvenile court services, Carey and Buttell (2003) found 

significant decreases in school truancy and suspension, running away, assaultive behavior, and 

police apprehension. However no significant differences were found between intervention 

groups on juvenile justice records of arrests, incarceration, or number of subsequent offenses.  

In a similar experimental study of a wrap-around probation program for higher-risk 

young offenders, Lane et al. (2007) found few significant differences on self-reported 

delinquency and substance use between those randomly assigned to the probation program 

compared to those in the control group. Surprisingly, the experimental group participants were 

significantly more likely to commit a violent crime, particularly robbery of a person and taking 

part in gang or posse (group) fights. In terms of substance use, only the use of ecstasy (methyl 

amphetamine or MDMA) was significantly different between groups, with a higher percentage 

of those in the control group reporting past 30 day use.  

Consistent with Carey and Buttell (2003), Lane et al. (2007) also found a lack of 

consistency between self-reported delinquency behavior and official offense records. While 

official records indicated a 41.7% rearrest rate for experimental condition youths, self-reports 

showed more than twice the rate with 86.1% reporting that they had committed a subsequent 

crime. Control group comparisons were similar, with official records indicating a nearly identical 

rate of rearrest (41.1%) and self-reports showing that 79.1% had committed at least one 

additional crime. These results clearly imply not only the potential for misrepresentation of post-

program recidivism measured strictly by official records, but also the loss of potential for 

understanding actual changes in youth behavior, attitudes, family functioning, school 

performance, and psychological factors not captured by recidivism data.  
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Analysis Methods used in Diversion Evaluation 

 Logistic regression. Logistic regression employs binomial probability theory as a 

method for studying how the probability that an event or condition will occur is affected by the 

value or presence of one or more independent variables. For example, how is the probability of 

re-offending influenced by diversion program participation, age, and gender? Different types of 

independent variables can be used with logistic regression, such as dichotomous, categorical, 

interval, and ratio level measures. Not only does logistic regression aid in the prediction of group 

membership, but it also provides understanding of the relationships and relative strength of the 

independent variables. The procedure uses the maximum likelihood method of estimation to 

maximize the probability of group classification based on the most parsimonious model of 

independent variables. Parsimony, the state of explaining the greatest amount of variance with 

the fewest predictors, is reached by entering variables into the model in a specified fashion, 

either by the researcher or with an empirical process such as the stepwise method used in many 

multiple regression analyses. Unfortunately, logistic regression does require larger sample sizes 

than those required by linear regression with a minimum of 50 cases per predictor recommended 

(Burns & Burns, 2009). 

Cantor (2002) describes logistic regression in terms of a dichotomous dependent variable 

(Y), coded in the binary fashion 0/1, with the outcome of interest (e.g. success in smoking 

cessation or presence of cancer) being coded as one, and the research question being related to 

the probability that Y = 1. The logistic regression model assumes that the probability that Y = 1 

is related to the combination of X values (the independent variables), with the results being 

expressed in terms of an odds ratio (actually the log odds), denoted as log(p/1-p), with p/1-p 

representing the odds that Y = 1. The odds that Y = 1 is not an actual probability, but is rather the 
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ratio of the probability that Y = 1 to the probability that Y is not equal to one. In other words, the 

odds of success is equal to the ratio of the probability of success to the probability of failure 

(Daniel, 2009). Logistic regression coefficients provide an estimate of how the probability of Y 

being equal to one is affected by each unit change in the value of X. For example, an odds ratio 

of 1.55 indicates that for each unit increase in the independent variable X, the odds that Y = 1 is 

increased by 55 % (Cantor, 2002). For dichotomous independent variables, the odds ratio is 

interpreted as the ratio of odds that Y = 1 when X = 1 to the odds that Y = 1 when X = 0. If the 

independent measure is categorical, then dummy coding is used, with the odds ratio interpreted 

as the ratio of the odds that Y = 1 for the given category to the odds that Y = 1 for X = 1 (the 

reference category for X). While the coefficients provide information, the estimation of 

probabilities for the dependent variable requires further analysis. 

The estimation of probability for group membership based on a combination of predictors 

is done using the ‘b’ coefficients, which measure the independent contributions of each predictor 

variable to variations in group membership, along with known values of the independent 

variables, to estimate the probability that Y equals one rather than zero (the probability of 

belonging to one group rather than the other; Burns & Burns, 2009; Daniel, 2009). As mentioned 

previously, maximum likelihood is used to identify a model (functional equation) that will 

maximize the predictive ability. With the null hypothesis being that the coefficients in the 

regression equation are equal to zero, and the alternative hypothesis being that the model 

provides coefficients significantly different from zero, the log likelihood (LL) is produced to test 

the logistics model. The likelihood ratio test examines the significance of the difference between 

the likelihood ratio (-2LL) of a null model or constant only model (where the coefficients equal 

zero) and the likelihood ratio of researcher’s model with predictors included. A Chi-square test 
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of significance indicates an improvement in model fit for the explanatory model compared to the 

null or constant only model (Burns & Burns, 2009). 

Logistic regression is a reasonable option for testing program effects on re-offending 

versus not re-offending, as logistic regression requires a dichotomous outcome measure. More 

popular in recent years due to the availability of statistical software, this analysis technique 

offers not only the advantage of using a dichotomous outcome measure, but also of using 

multiple predictors, both categorical and continuous, without meeting assumptions of linearity, 

normality, and equality of variance typically required by standard parametric procedures (Burns 

& Burns, 2009; Cantor, 2002).  

Diversion evaluation studies that have used logistic regression have typically sought to 

compare the likelihood of re-offense among treatment groups. A few used experimental designs 

with random assignment to treatment and control conditions (e.g. Carney & Buttell, 2003; Jeong 

et al., 2012) while others used quasi-experimental designs to test group differences (e.g. Dembo 

et al., 2000; Krebs et al., 2010). Similar to one analysis strategy in the current research 

framework, Aos (2004) used an external control group of similarly eligible youths to compare 

outcomes between those who received a program and those who were eligible but did not. All of 

the studies reviewed for this research that employed logistic regression used secondary data from 

official juvenile records for the dependent measure of recidivism. While two studies used only 

official records to gather independent and dependent measures, others used a combination of 

interview and self-report data in addition to official records. For example, Carney and Buttell 

(2003) collected parent-report information about particular events on a bi-monthly basis and then 

created dichotomous outcome measures to test the likelihood of occurrence of the events based 

on group assignment using logistic regression. Others have used self-report data in combination 
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with official records to examine recidivism in relation to particular predictors or while 

controlling for participant characteristics in treatment group comparisons (Dembo et al. 2000; 

Krebs et al., 2010).  

For researchers who want to identify which independent variables are most associated 

with recidivism or other dichotomous outcome measures, logistic regression works well. For 

example, in a study testing the effects of a Family Empowerment Intervention (FEI) diversion 

program versus a control condition, Dembo et al., (2000) used logistic regression specifically to 

predict substance use outcomes based on hair samples, while controlling for the effect of various 

other time-one predictor variables, including treatment group assignment. Hair test results taken 

at final interview were dichotomous, indicating the presence or not of marijuana and cocaine. 

Two separate stepwise logistic regression models were run with the time one predictors, along 

with a group assignment variable to determine if receiving FEI as opposed to the control 

condition had an impact on follow-up testing for substance use and whether any of the time one 

predictor variables contributed significantly to the prediction of follow-up substance use. 

Similarly Krebs et al. (2010) used logistic regression to estimate the odds of arrest within the12-

month post-intervention follow-up period based on a number of baseline measures in addition to 

program participation. By using logistic regression, they could determine whether program 

participation was associated with decreased odds of arrest as compared to control group 

outcomes and whether various other factors such as additional program components (i.e. drug 

court) or additional time at risk (i.e. not in detention) further increased or decreased the odds of 

subsequent arrest. 

Jeong et al. (2012) used logistic regression to model the impact of an experimental 

Family Group Conferencing (FGC) treatment as compared to a services-as-usual control group, 
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on the prevalence of reoffending within a 12-year follow-up period. Logistic regression models 

were estimated for each of four types of offenses, initially for treatment effect alone, and 

subsequently for the relationships between treatment groups, demographic factors, initial 

offense, and interaction effects. Demographic and initial offense variables were entered as 

control variables in order to examine the group interaction effects. In a similar study to test 

experimental versus control conditions, Carney and Buttell (2003) sought to test the efficacy of a 

community-based wrap-around services diversion program versus conventional juvenile justice 

services in relation to a number of independent variables, and to test predictive models for 

identification of youth at risk for recidivism. By using the logistic regression modeling 

technique, Carney and Buttell also hoped to determine which variables would be most useful (or 

hold the most predictive efficacy) for identifying youth at great or greatest risk of reoffending, 

regardless of program participation. Unfortunately, no significant patterns were found across 

models, and only two variables at the 6-month follow-up time point significantly contributed to 

the prediction of recidivism. These included whether the youth had been assaultive and whether 

the youth had been picked up by police during program involvement.  

Diversion evaluation studies using logistic regression are often interested in determining 

whether recidivism (rearrests or reconvictions) is lower for those in a treatment group versus 

those in some other condition (Jeong et al., 2012) and what factors might help to identify those 

most at risk for recidivism. Some likewise use these analysis techniques to help identify what 

factors need to be targeted for specific interventions to be successful. Logistic regression can 

also be used to test differences when random assignment to experimental and control conditions 

is not possible, a fairly common occurrence in juvenile justice system programming. Aos (2005) 

not only sought to test the impact of a Family Integrated Transitions program, a pilot study in 
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four counties in Washington State, but also used logistic regression to compare different 

treatment group members on a number of demographic and criminal history variables with 

models in which program participation was a function of these variables. In this manner, the 

researcher can test whether the likelihood of being in the treatment group versus a comparison 

group is equal in relation to the set of independent variables. While Aos found minor 

significance for a few variables, the groups were reasonably well matched, allowing inference 

about recidivism to be tied to program effects rather than group differences. When the outcome 

variable is not dichotomous other regression techniques can be used. 

Multiple linear regression. Multiple regression and correlation (MRC) analyses include 

a broad range of popular research methods. Simply put, regression and correlation are both used 

to determine whether a linear relationship exists between two variables, but correlation is more 

about the strength of the relationship while regression is focused on whether values of the 

independent variable(s) can be used to reasonably predict values of a dependent variable (Daniel, 

2009). Multiple linear regression may also assume a linear relationship, but has the ability to 

predict values of a dependent variable based on the simultaneous combination of values from a 

number of independent variables (Orme & Buehler, 2001). The independent "predictor" variables 

are sometimes called explanatory variables due to their usefulness for explaining variation in the 

dependent variable. As with almost all statistical analysis methods, certain standard assumptions 

underlie multiple regression analysis including nonrandom independent variables, normality of 

distribution, equality of variance, and independence. Beyond these assumptions, simple linear 

regression and multiple regression analyses require a ratio-level or continuous dependent 

variable. Variable relationships can take on linear and curvilinear forms, but the most commonly 

tested form in regression is linear. By using multiple linear regression, researchers can 
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potentially improve the predictive ability by including more independent variables to explain 

outcomes of interest (Daniel, 2009).  

The prediction equation in multiple regression is also called the model equation or 

regression model, whereby unbiased estimates of the parameters of the model are obtained by the 

method of least squares. The objective of least squares is to minimize residual or error variance, 

meaning that the sum of the squared deviations of the observed values of the dependent variable 

is minimal based on the selection of parameter values (Daniel, 2009). Of particular interest in 

multiple regression is the amount of variation in the dependent variable that is explained by the 

fitted regression model, which is measured by the sum of squared deviations. The total sum of 

squared deviations includes the explained variation in the dependent variable as well as the 

variation that is not explained by the regression model. The proportion of variance explained by 

the model is commonly denoted as R2 and is considered a measure of goodness of fit (Daniel, 

2009). An analysis of variance is used to calculate a test statistic, called the variance ratio, which 

is calculated by dividing the mean square due to the regression by the mean square error. The 

variance ratio is then compared to the critical F distribution value to determine statistical 

significance. A statistically significant result means that the dependent variable is related in a 

linear fashion to the group independent variables. However, practical significance is usually 

assessed by the proportion of variance explained by the model (R2).  

Although this basic explanation seems simple enough, multiple regression is a flexible 

and powerful statistical technique. The concurrent examination of multiple independent variables 

allows for the estimation of independent and combined effects, as well as determination of 

direction and strength of those effects. Models can be used to rule out spurious effects, control 

for the probability of Type I error, and test for complex associations such as mediator and 
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moderator hypotheses (Hoyt, Lieirer, & Millington, 2006; Orme & Buehler, 2001). Main effects, 

interactions, and curvilinear effects can be modeled, along with incremental improvements in 

model fit based on the addition or deletion of variables in the model. Models can include any 

combination of independent nominal, ordinal, and interval-level variables, which can also be 

correlated with one another. Variables can be entered in the equation either simultaneously, 

hierarchically as pre-determined by the researcher, or empirically as determined by the computer 

program according to the level of contribution to the prediction (Hoyte et al., 2006; Orme & 

Buehler, 2001).  

The increasing popularity of multiple regression as a general analytic system makes its 

various and expanded upon techniques (e.g. hierarchical regression, logistic regression, and 

stepwise regression) some of the most important tools for quantitative research methodology 

(Hoyt et al., 2006). Evaluation researchers are often concerned about between-group differences, 

in addition to within group variation, and hence many use a number of regression methods to test 

the predictive relationship of multiple independent variables, such as treatment group 

membership, gender, and various psychosocial measures with a continuous outcome measure of 

interest, such as substance use, violent behavior, or scholastic achievement for example. Because 

regression analyses employ a dependent variable on a ratio scale, and can accommodate 

independent variables on a variety of scales, multiple data collection methods and data sources 

can be incorporated. In addition, a variety of research designs can be used, including 

experimental and quasi-experimental designs intended to test group differences on an outcome of 

interest (Orme & Buehler, 2001). 

For example, Dembo and colleagues (Dembo et al., 2000; Dembo et al., 2006; and 

Dembo et al., 2008) collected self-report data using base-line interviews on various scale 
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measures from arrested youth prior to program assignment. In addition, they collected secondary 

data from official juvenile court records to measure referral history and arrest charges leading up 

to the program initiating arrest. In one study (Dembo et al., 2000), hair samples were taken to 

test for illicit drug use. While subsequent arrests were the focus of two of the studies, Dembo and 

colleagues expanded their assessment by using a continuous measure of the number of arrests 

during a follow-up period, allowing for broader understanding of the predictors of arrests, in 

addition to the impact of program assignment on the number of arrests (Dembo et al., 2006; 

Dembo et al., 2008). In the third study, regression analyses were reversed in the sense that 

psychosocial scale measures and self-reported delinquency from follow-up interviews were used 

as dependent measures to test the efficacy of an experimental intervention compared to a less 

intensive intervention, using group membership as an independent variable along with intake 

assessment measures as predictive controls.  

Over the years, the approaches for determining the right combination of explanatory 

variables for prediction of outcomes of interest have received considerable discussion and debate 

(Freedman, Pee, and Midthune, 1992; Hurvich & Tsai, 1990). The most popular approaches 

involve stepwise procedures such as forward selection, backward elimination, or a combination 

of the two which is sometimes referred to as bidirectional elimination, but more commonly 

stepwise regression. Although one of the least favorite among some statisticians (Freedman et 

al., 1992; Sribney, 2011), stepwise regression is perhaps the most frequently used approach for 

selecting independent variables for inclusion in a multiple regression model (Daniel, 2009). This 

procedure for variable selection uses an empirical, rather than theoretical criteria for inclusion of 

variables in a regression model. Briefly and simply, the stepwise procedure examines the 

bivariate association of each predictor variable with the criterion variable and then enters the 
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predictor with the greatest predictive power into the model first. Each remaining predictor is then 

assessed to determine the greatest additional explained variance that can be achieved by adding 

another variable to the model. These steps are repeated incrementally for each variable, and for 

each combination of variables, adding and removing variables until the greatest percentage of 

explained variance (R2) is achieved. By nature of the stepwise process, any particular variable 

could be deleted from the model in one step, but remain a candidate for possible reentry in 

another step (Daniel, 2009; Hoyt et al., 2006). Due to its simplicity and availability in almost all 

major statistical packages, stepwise regression, regardless of its shortcomings, stands as one of 

the most popular variable selection techniques used in social science research. 

  Dembo and his colleagues (Dembo et al., 2000; Dembo et al., 2006; Dembo et al., 2008) 

were interested in group differences and a number of potential individual factors, and hence, 

used stepwise regression to control for baseline predictor variables before examining the effect 

of treatment versus control group assignment on arrests and arrest charges at 12-month follow-

up. All three of their studies (one in Miami and two in Tampa, Florida) used a number of 

techniques including principle components analysis and z transformations to address the 

assumptions of multiple regression prior to the regression analyses, as much of the data was quite 

skewed or had potential collinearity. The primary purpose of these studies was to test the 

efficacy of the experimental programs, and various regression techniques were employed. For 

example, a theoretically-based forward selection method (or hierarchical method) was used 

based on the researchers’ interpretation of the historical succession of relationships and the 

causal sequence of predictors.    

In the first Tampa study, Dembo et al. (2000) sought to examine the effects of program 

participation on psychosocial functioning and self-reported delinquency measures at 12-months 
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post intervention.  A stepwise regression model was run with all predictor variables (including 

time-one overall psychosocial functioning) and group assignment to predict the youths’ overall 

psychosocial functioning at 12-month follow-up. While group assignment was not significant, 

the overall model explained 22% of the variance in overall psychosocial functioning score at 

follow-up. In the second Tampa study (Dembo et al., 2006), models were run for predicting the 

number of arrests and the number of arrest charges during the 12 months after completing the 

program. Interestingly, when the order of entry was reversed between demographic variables and 

psychosocial factors, the predictive value of some of the psychosocial variables changed from 

non-significant to significant. When the psychosocial factors were entered in the model prior to 

the demographic factors, the subscales for callous-unemotional and impulsive-irresponsible 

became positive predictors of arrests and arrest charges during the follow-up period.  

In the Miami study (Dembo et al., 2008), the researchers chose to use stepwise Poisson 

regression analysis for predicting recidivism arrests and stepwise ordinary least squares (OLS) 

regression for predicting arrest charges. The primary purpose of the study was to test the impact 

of completing the program of interest as compared to non-completion on recidivism, measured 

by the number of arrests and arrest charges. They used a stepwise progression similar to the 

Tampa study, except for the psychosocial variables which were not available for the Miami 

study. The stepwise Poisson analysis was used primarily due to the nature of the distribution of 

the number of arrests variable, which reflected a Poisson distribution when subjected to a 

Kolmogorov-Smirnov Z test. These regression analyses were used to test the value of program 

completion (a grouping variable of completers and non-completers) along with socio-

demographic history as predictors of the outcome measures of number of arrests and arrest 

charges during the follow-up period. Program completion, even while controlling for all other 
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predictors, was found to be a significant predictor of arrests using the Poisson regression model 

and of arrest charges using the OLS regression model.  

Hierarchical linear modeling. HLM combines and extends the advantages of mixed-

model analysis of variance (ANOVA; with its fixed and random effects) along with multiple 

regression (with its flexibility for unbalanced data) in a complex form of OLS regression 

(Raudenbush, 1993). Fixed effects are described as model components that correspond to fixed 

elements or conditions (such as group membership) that are constant across units within each 

level and that assume no random variance or sampling error. Random effects are described as 

model components that may vary across units and that estimate population variance including 

sampling error (i.e. residuals; McMahon, Pouget, & Tortu, 2006). These complex regression 

models examine the unique as well as the shared variance in the outcome variable (which is 

always at the lowest level of the hierarchy) based on explanatory variables at different levels of a 

hierarchy (Woltman, Feldstain, MacKay, & Rocchi, 2012). HLM simultaneously examines 

relationships within and between nested levels of grouped data, with the unique feature of using 

the estimates of individual-level intercepts and slopes as dependent variables predicted by the 

group-level variables (Osborne, 2000; Woltman et al., 2012). By using HLM, the impact on the 

dependent variable(s) by factors at their respective levels is considered by taking both the within-

group regression and the between-group regression relationships into account concurrently. 

 Beyond the benefits of examining cross-level relationships and disentangling the effects 

of within- and between-group variance, HLM is not held by the assumptions of independence of 

observations, sphericity, and heterogeneity of variance across repeated measures. It can also 

accommodate missing data (at least at level-1), non-balanced data, and small group sample size, 

but does require large overall sample sizes for adequate power, particularly for detecting level-1 
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effects (Woltman et al., 2012). Another benefit of HLM’s flexibility is the ability to examine 

models with dichotomous outcome variables, such as recidivism and count outcome variables 

like the number of arrests during a certain period of time. Count outcomes can follow a Poisson 

distribution, or negative binomial distribution, but HLM software typically assumes a Poisson 

distribution for count variables. Models with a dichotomous outcome variable can be 

accomplished using the Bernoulli method, which assumes a Bernoulli distribution of the binary 

outcome variable. These models are similar to logistic regression models and provide a log odds 

for success (or failure, depending on how the variable is coded), which is interpreted as the 

probability that the outcome will equal one (for a binary 0/1 coded variable) based on the 

predictor variable (Wong & Mason, 1985). In Bernoulli models, the level-1 coefficients are 

exponentiated to get the estimate of how much more or less likely an individual is to score a one 

for every unit change in the independent variable. Level-2 coefficients are interpreted as 

proportions based on level-2 means (Taylor, 2012). 

 Multi-site evaluation of diversion programs may require nested models to examine 

individual level differences as well as aggregate level data gathered from multiple program sites. 

In addition, programmatic differences may influence outcomes, so evaluators need techniques 

that can examine how these programmatic factors influence group- and individual-level 

outcomes. The Hierarchical Linear Modeling (HLM) approach provides a method for examining 

individual-level predictors within aggregate groups, as well as group level predictors at the same 

time (Hamilton et al., 2007).  Hierarchical linear models, known also as multi-level linear 

models and nested or mixed linear models, are uniquely designed to handle nested data structures 

where individuals are nested within groups, and when both individual and group effects, or 

cross-level effects, on a dependent variable are of interest (Osborne, 2000; Sullivan, Dukes, & 
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Losina, 1999). A common example used to demonstrate HLM methods is the hierarchy of 

students (level-1) nested within classrooms (level-2) which are nested within schools (level-3).  

 Although HLM has become more popular among social science and educational 

researchers, only one published study was found that used HLM to examine the effects of 

diversion programming for juvenile delinquent youth. Hamilton et al. (2007) employed a two-

level analysis to evaluate program influence among ten county-based diversion programs in New 

York State. Hamilton et al. (2007) provide an example of HLM analysis in their study examining 

how programmatic differences affect outcomes for youth involved in county-based juvenile 

diversion programs. To accomplish the study, a number of quantitative and qualitative strategies 

were used to collect both individual and program level data. Individual level data was collected 

from program youths through assessments and interviews at intake, within 30 days of intake, and 

at 120 days after intake. In addition to self-report data, information was gleaned from medical, 

psychiatric, school, and juvenile justice records. The 120 day follow-up information also 

included, among other variables, two dichotomous outcome measures of interest: out-of-

community placement and re-arrest during the treatment period. The aggregate level data was 

collected through qualitative interviews with project staff and review of administrative reports. 

Both dichotomous and continuous ratio level measures emerged to characterize particular 

program elements potentially predictive of the outcomes of interest. Both individual-level and 

aggregate-level variables, which can be on a variety of scales, are entered into these multi-level 

models to predict the outcomes of interest. When the outcome variable is dichotomous, as in 

Hamilton et al.'s study, Bernoulli models can be specified. 

The Hamilton et al. (2007) study used HLM to estimate youth characteristics within each 

program, allowing for unique intercepts and slopes in level-one, along with estimates of program 
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characteristics in level-two. Using the formula by Bryk and Rodenbush (1992; as cited by 

Hamilton et al., 2007), the random effects (or program variations) above and beyond the 

influence of individual covariates can be observed, allowing for more efficient and unbiased 

estimation of the contributors to variation in youth outcomes. One purpose of the study was to 

test the outcome of recidivism during the 120-day follow-up period, with recidivism coded as a 

dichotomous variable (0, 1). Due to this dichotomous outcome variable, a Bernoulli model was 

specified. The multivariate model included ten individual level covariates, while the program 

level included five program related covariates.  

While none of the program level covariates were significant, their inclusion explained an 

additional 8.5% of the variance in the overall model which was significant. Only substance abuse 

was found to be a significant individual level predictor in the model. While these researchers 

were unable to support their hypotheses about the effects of program components on recidivism 

outcomes, their study does offer a method for multi-site analysis of individual outcomes nested 

within various community groups. Although these techniques can be useful for state-level and 

multi-site evaluation, this study, like many others, fails to address the impact of programming on 

the psychosocial factors associated with recidivism. Furthermore 120 days may be seen as a 

short time period for follow-up and may potentially miss effects that could take longer to 

develop (Krebs et al., 2010).  

 Bivariate and multivariate methods. Bivariate analyses such as chi-square, t-tests, and 

ANOVA are fairly common in testing group differences in relation to recidivism and related 

factors, but are typically used in conjunction with more complex multivariate analysis. Bivariate 

analysis refers to the tests of association between a single independent variable and a single 

dependent variable, regardless of whether the variables are on a nominal, ordinal, interval, or 
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ratio scale. These tests include analyses such as one-way ANOVA, bivariate correlation, 

independent sample t-test, and the 2 X 2 chi-square test of distribution. Multivariate analysis 

involves the testing of relationships among multiple variables together, whether independent or 

dependent, and includes such tests as analysis of covariance (ANCOVA), 3 X 2 chi-square, 

multiple correlation analysis, multiple regression, multiple dependent variable analysis of 

variance (MANOVA), and the like. As with all statistics, basic bivariate procedures such as chi-

square, t-tests, and ANOVA, each come with their own set of assumptions, and each produce 

estimates of association related to the test of a null hypothesis.  

 As with more complex analysis methods, these bivariate and multivariate methods are 

dependent upon the type of data collected and the scale of measurement for each variable. 

Diversion evaluation studies that have used these analysis methods are typically combining a 

variety of data collection strategies and analysis methods to test their hypotheses. For example, 

Stickle et al. (2008) employed a quasi-experimental post-test only design to examine outcome 

differences between two intervention groups. Participants were randomly assigned to one of two 

intervention modalities, and those who agreed to participate in the evaluation completed a post-

test survey using pre-existing assessment scales measuring attitudes and self-reported behaviors. 

Official juvenile records provided a continuous outcome variable of the number of arrests during 

a period of 18 months from the time of program referral. Because all outcome measures were 

continuous, and the objective was to test group differences on the outcomes, ANCOVA models 

were selected for the analysis.  

The following provides a number of other examples of simple bivariate analyses used in 

diversion evaluation research. Baffour (2006) used chi-square tests of association, in addition to 

logistic regression, to individually test the relationship between gender, experimental group 
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membership, and the dependent variable of recidivism, measured as arrest or no arrest. These 

tests required the use of official records for data collection and dichotomous outcome variables 

for analysis. To test differences before and after program implementation, Hodges et al. (2011) 

and Carney and Buttell (2003) used pre- and post-test scores from self-report interviews to assess 

mean differences in relation to participation in a diversion program, in addition to other analyses. 

Examination of mean differences requires continuous outcome measures with a dichotomous or 

categorical grouping variable. Carney and Buttell used both t-tests and chi-square analysis to 

examine differences for youths who received wraparound services versus conventional juvenile 

court services. Outcomes tested with chi-square by group indicated whether or not the youths 

had engaged in a particular behavior during the follow-up period (coded as yes or no; 

dichotomous), and group means comparisons on the number of subsequent offenses during the 

follow-up period were conducted using t-tests (for ratio-level outcomes). Hodges et al. (2011) 

did not have a comparison group, so paired t-tests were used simply to compare psychosocial 

inventory mean scores before and after participation in the diversion program.  

Others have used similar simple analyses to test differences in characteristics across 

groups (Lane et al., 2007; Stickle et al., 2008). As mentioned above, Stickle et al. used 

ANCOVA models to examine group differences in both self-report and official records outcomes 

while controlling for demographic characteristics based on concerns related to selection effects. 

ANCOVA models are used to test group differences on the mean of a continuous dependent 

variable while controlling for the effects of one or more independent covariates. ANCOVA 

models were calculated for each of the post-test survey measures, while controlling for 

demographic variables. Treatment versus control group differences were found on two of the 

outcome scales. Due to small sample sizes, Cohen’s d comparisons were also calculated to assess 
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the magnitude of the group differences in relation to each of the outcome scales. Cohen’s d is an 

effect size used to specify the standardized difference between two means and can be calculated 

as the mean difference divided by the pooled standard deviation. The additional tests helped to 

support the findings in favor of the experimental treatment.  

Krebs et al. (2010) provide a glimpse of the value of using repeated measures as a source 

of information about individual changes over time. Using a quasi-experimental design, treatment 

and comparison groups were compared on a number of variables generated through risk 

assessments and interviews, as well as official record reviews. Krebs et al. collected self-report 

interview data and official arrest data at baseline, 6-months, and 12-months, and by applying 

bivariate analysis, they were able to compare the average number of arrests among youth in a 

treatment group versus a control group over an 18-month period (including the six months prior 

to baseline) while controlling for participant characteristics. In a sense, results showed time 

effects of treatment, indicating that changes occurred only after the first six months of treatment, 

as measured by the change between 6-month and 12-month follow-up. Examining changes over 

time helps evaluators know not only if any effects of an intervention are realized, but also when 

they take place and possibly for how long the effects of an intervention might last. 

 Survival analysis. Survival analysis is a method that addresses time, but only in the 

sense of the amount of time lapsing until the occurrence of a particular event. Survival analysis 

allows researchers to assess the relative influence of predictor variables on the amount of time 

between an unambiguously defined point of origin and the occurrence of a particular event 

(Baffour, 2006; Jeong et al., 2012). The investigation of progress of subjects from some point in 

time (the 'origin;' e.g. a procedure or initiation of treatment) until the occurrence of some 

particular event (the 'failure;' e.g. death, relapse, or alleviation of symptoms) is common among 

http://en.wikiversity.org/wiki/Effect_size
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clinical and biomedical researchers (Daniel, 2009). Questions about the occurrence and timing of 

events-the whether and when questions-call for less traditional analysis techniques like survival 

analysis (Singer and Willett, 2003). The three primary objectives of survival analysis are to 

examine and interpret survival or probability of failure, to compare survival or probability of 

failure between groups, and to examine the relationship of explanatory variables to survival time 

(Singh & Mukhopadhyay, 2011). The time that elapses between the origin and the event of 

interest is called ‘survival time’ and can be recorded in hours, days, weeks, years, or some other 

meaningful unit of time.  

 Unfortunately, researchers cannot usually follow study participants for long or indefinite 

periods of time; so observation periods are often limited, and some subjects may not experience 

the event of interest within the specified time. One essential benefit of survival analysis is the 

handling of three types of ‘terminal’ events, including occurrence of the event of interest, loss to 

follow-up, and termination of the study prior to the event of interest for some subjects. In the 

latter two cases, the time to event is not actually known. For these subjects, survival time is 

referred to as censored survival time, and the data generated for these subjects is known as 

censored observations (Despa, 2010; Walters, 2009).  

 In research on event occurrence, censoring is inevitable. However, if the censoring 

mechanism is related in some way to the event of interest, such as loss to follow-up due to the 

occurrence of the event (i.e. a drug relapse), then the censoring is considered informative (as 

opposed to non-informative) and the validity of the study may be compromised if not handled 

properly. Censoring also takes on directional properties, such as right- versus left-censoring. 

Right-censoring refers to observations with a known and specific origin, which is common and 

typically unavoidable. Left-censoring however, is problematic and occurs when the time of 
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origin is unknown, is not well defined, or occurs repeatedly during the study as a result of 

participants entering and exiting at different times (Singer & Willett, 2003). The details related to 

analysis of censored data is complex and beyond the scope of this review. However it is 

important to note that for the most part, survival analysis typically involves non-informative and 

right-censored data and often (although not recommended by Singer and Willett) uses a 

dichotomous variable to distinguish subjects who experienced the event of interest during the 

study period from those with a censored survival time (Daniel, 2009). In addition to censoring, 

several other key elements of survival analysis are common in most survival analysis studies. 

 The central basis for summarizing the distribution of data for event occurrence is the life 

table, which essentially tracks the event histories of a population sample from the beginning to 

the end of a period of time (Singer & Willett, 2003), offering the most straight forward way of 

describing what proportion of a population ‘survive’ past a particular interval of time without 

experiencing a particular event (Singh & Mukhopadhyay, 2011). In a life table, the distribution 

of survival times is divided into a succession of contiguous time intervals. Within each interval, 

except for the first in which no event can occur (the interval of origin), the number and 

proportion of cases that entered the interval ‘alive,’ the number and proportion that failed or 

experienced the event of interest within the interval, and the number or proportion that were 

censored or lost to the study, can be calculated. From these frequencies and proportions, a 

number of other key statistics can be calculated, including the relative risk or hazard ratio, the 

hazard rate, the survival function, and the median survival time. 

 The estimation of the probability of surviving a specified period of time without 

experiencing the event of interest is called the survival function, a fundamental element of 

survival analysis. The Kaplan-Meier procedure is commonly used for the estimation of the 
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survival function, often expressed as a Kaplan-Meier curve, although the distribution resembles a 

step function rather than a smooth curve (Despa, 2010; Singh & Mukhopadhyay, 2011). While 

the survival function serves as an accumulation of the period-by-period risk of event occurrence, 

the hazard function, or hazard rate, is a measure of non-survival potential per unit of time. The 

hazard function estimates the unique risk associated with each interval of time (Daniel, 2009).  

 Hazard is described as the conditional probability of experiencing the event of interest in 

a particular time period, conditional upon not having experienced the event in an earlier time 

period. Because hazard characterizes the unique risk of event occurrence among those who are 

eligible to experience the event, it is key to the questions of whether and when particular events 

may occur. The hazard probability values can vary in magnitude, ranging from zero to one, with 

greater levels of hazard indicating greater risk (or lower probability of survival), and lower 

hazard indicating lower risk (Singer and Willett, 2003). The survival function, on the other hand, 

takes a value of one for the interval of origin, and can only decrease over time, but never reaches 

zero. While survival function and hazard function provide probabilities of event occurrence, 

many researchers seek to compare survival times and hazard risk between groups, particularly 

when examining specific treatment effects. 

 A few commonly used options for comparing survival time and hazard risk between 

groups include the comparison of the median lifetime, the calculation of a hazard ratio, and the 

log ranks test of the distributions. The median survival time, rather than the mean, is necessary 

because of the lack of known survival for some subjects due to censoring. The log-rank test, an 

application of the Mantel-Haenszel procedure, tests the null hypothesis that there is no difference 

between the survival distributions of one group as compared to another group. Distributional 

comparisons are also available using the Breslow, the Tarone-Ware, and the Peto tests, which are 
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similar to the ranks test but are weighted, applying greater weight to earlier failures (Daniel, 

2009). The hazard ratio is an estimate of the ratio hazard rate for one group versus another group 

(Singh & Mukhopadhyay, 2011). The median lifetime is an estimate of central tendency which 

identifies the interval in which half of the sample experiences the event of interest, but it 

provides very little knowledge about the distribution of risk over time. Another widely used 

method to compare survival experiences is the Cox Proportional Hazards model.  

The Cox Proportional Hazards model is a semi-parametric regression model for survival 

data that can accommodate the inclusion of multiple predictor variables with the time element of 

event occurrence and the isolation of treatment effects from the effects of other variables 

(Walters, 2009). Essentially, the model regresses the hazard function (or survival times) on the 

explanatory variables, generating a regression equation for the hazard as a function of the 

explanatory variables, which can include a grouping variable for treatment. It is similar to 

multiple regression, however, the dependent variable is the hazard function, or risk of failure, at 

a particular point in time. The regression coefficients in a proportional hazard model correspond 

to the proportional change expected in the hazard (actually the log hazard) based on single unit 

changes in the predictor variable(s), after controlling for other variables in the model. The 

exponentiated coefficient represents the ratio of the conditional probabilities of failure, or the 

hazard ratio. The Cox regression model is based on the assumption that the explanatory variables 

have an effect of increasing or decreasing the hazard for an individual compared to a baseline 

value for the hazard function (Daniel, 2009).  

 In addition to a well-defined origin and a defined ‘failure’ event, survival analysis 

requires a continuous variable measuring time to failure. In survival analysis related to 

recidivism, the time to failure event is usually measured in days, or days-at-risk if time in 
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detention is considered. The days are counted between the origin (either first arrest, initiation of 

services, or completion of an intervention) and subsequent re-offense. Several juvenile justice 

researchers have used Cox Proportional Hazards regression models to test group differences in 

relation to time until re-offense. Such models allow researchers to more closely examine both 

continuous and dichotomous variables that may contribute to the length of survival time without 

reoffending and to control for background characteristics that might affect survival time 

(Baffour, 2006; Jeong et al., 2012). In addition, the analysis provides a method for determining 

whether an independent variable, such as receipt of services has an influence on the risk ratio of, 

or time to, a failure event.  

 As with many diversion evaluation studies, those that used survival analysis as a 

quantitative method for evaluating a particular intervention employed experimental or quasi-

experimental research designs to assess group differences in recidivism. Secondary data from 

juvenile records provide the ability to follow offenders for a length of time, typically for a longer 

period than is possible using primary data collection strategies. However time is treated very 

differently in these longitudinal studies, as the outcome is not measured multiple times over time, 

but is a count variable about time, in which case the amount of time is the continuous variable 

used as an outcome measure. In a study to evaluate the efficacy of a restorative justice 

intervention, Baffour (2006) used only secondary data from official records to compare youths 

who received the intervention with those who received traditional services. Gender, race, group 

designation variables were collected as potential predictors, along with the number of days to 

first re-offense over an 18-month period. Jeong et al. (2012) examined official records for a 12-

year period to test the long-term impact of a similar restorative justice experimental intervention. 

Offenders were followed for 12 years after the initial referral by the courts to the experimental or 
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a control condition (one of several other existing programs). Using secondary data from the 

juvenile records, a number of individual-level characteristics were also included as control 

variables in the prediction of time until re-offense. 

 Similar to their logistic regression models described above, Jeong et al. (2012) produced 

Cox Proportional Hazards models to test group effects for various types of offenses, using time 

until first offense occurring over a 12-year follow-up period. Subsequent models were then run 

including demographic, initial offense, and group interaction variables to test the predictive 

influence of the program, the independent variables, and group interactions on time to re-offense. 

Dembo et al. (2006) also used Cox regression to test the influence of a number of self-reported 

psychosocial variables, along with experimental versus control group assignment and interaction 

terms, on the number of days from the end of program involvement until first arrest during a 12-

month follow-up period.  

On a smaller scale, Baffour (2006) employed multivariate survival analysis to examine a 

strategy of restorative justice (FGC) in comparison to a control group receiving formal 

processing. The study sought to determine if gender and ethnicity influence the relationship 

between FGC and recidivism. Survival time (or time to failure) was measured as the number of 

days between the first offense prompting program assignment and the first subsequent arrest 

within the 18-month follow-up period. Standardized betas were used to compare the significance 

and strength of the influence of gender, ethnicity, experimental group, and prior arrests on time 

to recidivism. These examples of survival analysis begin to address the passage of time, but only 

in terms of time elapsing and not in terms of changes that occur over time, or how the 

psychosocial predictors shown to be associated with recidivism are affected by the intervention.  
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Meta-Analytic Studies of Diversion Evaluation  

Programmatic differences and wide variations in design make evaluation of diversion a 

difficult task (Hamilton et al., 2007). Several meta-analytic studies of delinquency prevention 

and intervention evaluations (e.g. Farrington & Welsh, 2003; Latimer, 2001; Lipsey et al., 2000; 

Schwalbe et al., 2012) point to the proliferation of research testing juvenile delinquency program 

effectiveness in relation to repeat offense. While some of these studies analyzed various program 

factors associated with better outcomes, most evaluations of juvenile delinquency interventions, 

including diversion, are limited in scope, testing one or a few specific models or types of 

intervention, such as FGC, for example. The majority of systematic reviews tend to follow suit, 

synthesizing research on a particular type of intervention (Lipsey, 2009), with recidivism being 

the most common outcome measure (Harris et al., 2011). Results of these meta-analyses indicate 

limited success in deterrence of youth away from anti-social and delinquent behaviors.  

In a meta-analysis of 35 experimental studies focused on family intervention treatment 

for youth delinquency, Latimer (2001) found that family-focused interventions were significantly 

more effective than non-familial responses at reducing recidivism among young offenders, with 

effect sizes ranging from -.26 to .65, and a mean effect size of .15 with a standard deviation of 

0.20. In general, treatment groups were more successful (57.5%) than comparison/control groups 

(42.5%) during the follow-up period, equating to a significant 15% difference in recidivism. 

Treatment effects appeared to be greater for girls than for boys, and recidivism tended to be 

significantly lower for programs that targeted offenders less than 15 years of age compared to 

programs that targeted offenders 15 years and older.  

While seemingly promising, the lack of rigor among the studies reviewed led Latimer to 

conclude that the evidence in support of family-focused programming for juvenile offenders was 
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not convincing. In a similar meta-analytic study of 40 family-based intervention experiments 

examining outcomes for delinquency and antisocial behavior, Farrington and Welsh (2003) 

obtained consistent results, with an overall weighted mean effect size of .223 and a 

corresponding difference in delinquency and antisocial behavior of approximately 11% between 

experimental and control groups. Unfortunately, only 19 of the 40 studies had significant effect 

sizes. For a different set of 19 studies with only delinquency (measured as recidivism) as an 

outcome, a mean effect size of .321 was found, with a corresponding significant 16% reduction 

in recidivism. However, only 10 of these 19 studies using recidivism as the outcome measure 

had significant effect sizes. 

An evidence base for interventions specifically targeting youths who are diverted from 

the juvenile justice system through either community- or corrections-based diversion programs 

has only recently been synthesized (Schwalbe et al., 2012). Schwalbe et al. analyzed 28 

experimental studies involving 58 comparisons and 19,301 youths involved in various diversion 

programs. Again, as with similar studies, recidivism was the most commonly reported outcome. 

Other outcomes, such as changes in truancy, offense frequency, drug use, family factors, and 

psychosocial problems were reported so infrequently that they could not be included in the meta-

analysis. Unfortunately, the overall effect of diversion interventions on youth re-offense was 

non-significant. Of the five program types identified (case management, individual treatment, 

family treatment, youth court, and restorative justice), only family treatment and restorative 

justice programs showed statistically significant reductions in recidivism, with restorative justice 

only achieving significance when implemented with active involvement of the researchers. 

While this synthesis highlights the promise of family interventions and restorative justice 
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(Schwalbe et al., 2012), it still falls short of illuminating whether changes occur in factors other 

than recidivism.  

 Many of the studies reviewed in the meta-analyses mentioned above were conducted and 

published prior to 2000, and while they may offer valuable insight, the recent resurgence of 

diversion programming among juvenile justice agencies encourages the review of more recent 

studies of diversion program evaluations as provided herein. As in the past, more recent studies 

of diversion programs published after 2000 remain focused primarily on recidivism, neglecting 

important contextual, psychosocial, and familial factors both potentially related to youth 

delinquency and theoretically the actual targets of intervention programs. Most also remain 

focused on particular types of programs to test their efficacy in relation to recidivism in order to 

establish evidence for specific program designs. Furthermore, while many of these popular 

methods for analysis are technically longitudinal in nature, they treat time in a very different 

manner than repeated measures over time, with few if any studies examining trends in behavior 

before as compared to after program participation.  

Problem Statement and Potential Solutions 

Missing Elements and Innovations Needed 

Outcome measurement in evaluation serves, among other things, two critical purposes: to 

provide feedback to inform decision makers about the level of success relative to program 

objectives, and to assess the effects of a program or program changes on the outcomes of interest 

(Harris et al., 2009). The importance of recidivism, or the commission of subsequent crimes after 

participation in a program meant to reduce such occurrences, is recognizable and should not go 

unstudied. Nevertheless, while social scientists focus ample attention on what may help explain 

or predict the occurrence of delinquency and subsequent offenses (Guerra & Williams, 2012), 
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little attention is paid to determining whether diversion services work to change these precursory 

factors. Furthermore, many delinquency researchers and juvenile justice program evaluators 

collect psychosocial and behavioral information from program participants, but often only once, 

thereby failing to use this information to its fullest potential. By collecting this information over 

time and applying more advanced analytic techniques, researchers and evaluators could tell a 

much richer story than the one told strictly by official recidivism. The integration of multiple 

sources of data to expand the outcomes of interest and the application of innovative analysis 

techniques for studying these outcomes over time in relation to program participation seems 

critical if program developers and policymakers want to enhance the life chances for delinquent 

youth. 

Beyond the troubling nature of inconsistency in measures of recidivism and the 

subsequent inability to make clear comparisons across studies (Harris et al., 2011), the extent to 

which recidivism reflects actual changes in individual behavior is nearly impossible to assess, 

and may lead to inaccurate perceptions that system changes have been successful or unsuccessful 

(Mulvey et al., 1993). Recidivism does not capture all offenses committed, nor does it identify 

who was actually involved in the commission of those offenses. By virtue of the reliance on 

official records for rates of juvenile offense, researchers and program evaluators are missing a 

potentially substantial sector of youths who commit offenses and escape any legal or official 

consequences (Snyder & Sickmund, 2006). In fact, several studies comparing official records of 

re-offense and self-reports of delinquent behaviors have found shocking differences, with youths 

reporting significantly more delinquency than is reflected in official records.  

For example, Lane et al. (2007) report a 41.7% offense rate (measured by arrests) among 

treatment group participants as reflected by official records, while self-reports indicated that 
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86.1% of the youths had committed a crime. The gap between official record and self-report 

evaluation data suggests a need for deeper examination. If the aim of juvenile diversion 

programs is to alter attitudes and behaviors across contexts, the usefulness of broader 

perspectives of programmatic success that account for change beyond that demonstrated by re-

arrest seems clear (Carney & Buttell, 2003). Furthermore, to truly measure change, time is 

fundamental (Jackson, 2010) and longitudinal analysis, particularly growth curve modeling, 

provides an effective method for measuring change over time.  

Longitudinal Methods  

While survival analysis considers the length of time between initial encounter or 

completion of a program and subsequent recidivism (e.g. Baffour, 2006; Jeong et al., 2012; 

McGarrell & Hipple, 2007), most studies simply look at recidivism as an event after an 

intervention has occurred. These studies neglect examination of behavior prior to a program, and 

fail to examine change in outcomes as time progresses after a program is implemented. Few, if 

any, studies have employed individual growth modeling or true longitudinal designs as a 

quantitative analysis method for evaluation of diversion programs to illuminate how 

programmatic influences impact the pathways of adolescent risk development (Willett et al., 

1998). These and other recent advances in statistical methods offer a level of utility and 

flexibility for analysis of developmental patterns and changes over time, but have yet to make a 

sizable impact on empirical research in fields such as psychology, biomedicine, social science, 

and evaluation (Fitzmaurice & Ravichandran, 2008; Jackson, 2010; Willett et al., 1998).  

It is difficult to deny that most theories in the human and social sciences involve some 

sort of process over time and are thereby either explicitly or implicitly longitudinal in nature 

(Jackson, 2010; Ployhart & Vandenberg, 2012). Conventional methods of examining growth or 
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development have been limited by the concept of change as the difference between two values of 

an outcome variable measured at two different times (Chou et al., 2004). Willett et al. (1998) 

suggest that growth should be regarded as a process occurring over time, rather than as a 

difference in status. More recent developments in multivariate methods using repeated measures 

provide the means for applied researchers to answer questions about individual development 

over time, particularly in relation to change associated with critical periods or particular events 

(Naumova et al., 2001).  

With respect to evaluating the impact of an intervention upon development, longitudinal 

studies of youth attitudes and behaviors may provide clues to the etiology of life-long trajectories 

of delinquency and the optimal timing of preventive and therapeutic juvenile justice 

interventions (Chou et al., 2004; Jackson, 2010; Naumova et al., 2001). The ability to model 

patterns of behavior or characteristics before and after a critical period or intervention allows 

researchers to assess whether an enduring effect on the process of interest has occurred 

(Fitzmaurice & Ravichandran, 2008; Naumova et al., 2001). Such methods, including individual 

growth curve modeling, multilevel modeling, or hierarchical linear modeling, offer significant 

advantages, including but not limited to, flexibility related to the timing of data collection, the 

handling of missing data, issues of data clustering, and the non-independence of repeated 

measures data (Jackson, 2010). In addition, the inclusion of contextual effects and time related 

variables allows researchers to explain variability in trends across contexts or conditions, which 

usually equates to violation of the homogeneity of regression assumptions in standard analysis of 

covariance.   

Two options in particular within the class of longitudinal growth curve modeling can be 

considered as part of a viable framework for quantitative analysis in evaluation of juvenile 



57 
 

justice programs, as well as many other educational and social service programs. First, group 

comparisons offer opportunities to assess differences between treatment and control groups, 

when control groups are available through experimental or quasi-experimental design. For many 

studies, experimental design is not possible, so the next best alternative to random assignment is 

data from normative peer groups or similarly eligible groups (generic controls) for comparison 

(Aos, 2004; Bjurulf, Vedung, & Larsson, 2012). Second, examining developmental patterns 

before an intervention and then assessing changes in those patterns at the time of and after an 

intervention offers a rarely assessed view of program impact and enhances the ability to make 

confident assertions about the effectiveness of a program. An illustration of these methods as a 

framework for quantitative analysis in program evaluation is one of the central purposes of this 

research. In addition to demonstrating the utility of longitudinal analysis methods for evaluation, 

this study examines a variety of psychosocial, behavioral, and life functioning outcome measures 

using multiple sources of data to enrich and expand the understanding of the impact of services 

on development over time.  

Data Integration 

An ecological approach to the evaluation of juvenile justice programs using longitudinal 

analysis methods will require an expansion of the information typically collected by juvenile 

justice researchers. Comparisons with normative peer trajectories will necessitate the integration 

of various data sources that include individuals who are not involved in the targeted program. 

Evaluations of impact on outcomes other than further justice involvement will require the use of 

data that includes those who did not recidivate. Partnerships between youth serving systems such 

as education, juvenile justice, child welfare, and family courts are increasingly popular and offer 

the ability to combine multiple sources of data currently collected over time. Additionally, many 
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social service entities and community-level researchers survey youths (often through the school 

system) regarding substance use behaviors, bullying and fighting, and a number of other attitude 

and behavior factors. These existing data sources contain valuable information, and with the 

proper protocol, could allow individual identification and linking from year to year and linking 

with other data sets. With such enhancements to existing data sources, and again with proper 

protocol to enable data matching, this approach would provide a much more comprehensive 

understanding of the full scope of programmatic effects on attitudes, behaviors, and social 

functioning.  

 Sometimes referred to as triangulation, the integration of multiple data sources collected 

by multiple means can enhance understanding of social phenomenon, as well as increase validity 

of social science research (Mathison, 1988; Thurmond, 2001). Mathison in particular points to 

triangulation as an important methodological issue for evaluation researchers. While often 

thought of in terms of establishing the validity of propositions, triangulation through the use of 

multiple methods of data collection (methodological triangulation; i.e. conducting surveys and 

gleaning official records) or multiple data sources (data triangulation; i.e. combining school 

records and court records) is thought to result in a more accurate convergence upon the truth 

about the social phenomenon of interest. In practice, however, the integration of methods or data 

sources rarely produces a clear understanding of the 'actual', but rather provides a rich and 

complex picture of a phenomenon of interest, more often illustrating inconsistencies rather than 

convergences (Mathison, 1988). By integrating various types of information from various 

sources, evaluation researchers obtain better evidence from which to construct meaningful 

explanations about the impact of programs and the factors that influence such changes (Winokur, 

Li, & McEntire, 2002).  
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 While methodological, data, investigator, and theoretical triangulation are commonly 

used in qualitative and mixed-method research (Thurmond, 2001), few quantitative researchers 

discuss these techniques as a way to enhance the depth or breadth of explanation, although many 

do use multiple sources of data in social science research (Bekhet & Zauszniewski, 2012). On a 

larger scale, Winokur et al. (2002) discuss the integration of individual- and program-level data 

through the construction of a comprehensive data base of indicators to evaluate the effectiveness 

of juvenile justice education programming in Florida. They describe a state-wide data integration 

process for the purpose of understanding the characteristics and educational needs of juvenile 

offenders and identifying outcome measures for use in evaluating best practices. Winokur et al. 

provide a complex and large-scale example of integrating data from multiple sources to assess 

outcomes such as grade retention, job acquisition, emotional and behavioral change, disciplinary 

infractions, improved relationships, and other factors that reflect adjustment following juvenile 

justice educational programming. Although Winokur et al.'s resource intensive study is 

longitudinal and ongoing, the founding principles of cross-program assessment of change, 

increased reliability based on multiple sources, and multiple outcome measures of success can be 

applied on smaller scales in relation to community-based program evaluation where multiple 

systems intersect to serve the same youth.  

When considering the magnitude of the discrepancies between youth self-report and 

juvenile justice records as described earlier (Carey & Buttell, 2003; Lane et al., 2007), the 

importance of using both sources of data to enhance assessments of program impact seems 

evident. Likewise, the linking of existing data sources from schools and justice programs would 

expand the view far beyond that of recidivism, bringing cross-program assessment of change into 

focus and potentially improving collaboration in terms of planning interventions. While 
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methodological triangulation is useful, what is tantamount to the enrichment of understanding is 

the integration of data from multiple sources, particularly sources that overlap or encompass each 

other ecologically, such as families, community programs, schools, and justice departments.  

Research Rationale 

A framework of longitudinal analysis methods, outcome measure expansion, and data 

integration such as that presented by this research can address many of the current diversion 

evaluation shortcomings. This framework offers a more comprehensive understanding of the 

impact of services on the elements of youth delinquency that are not only targeted by the 

interventions, but which also lead to the resource intensive responses required by overburdened 

education and justice systems. By combining all the information available about the youths being 

served in the juvenile justice system, including self-report data, juvenile justice records, school 

system records, and caregiver reports when possible, the perspective is broadened considerably. 

Measures capturing multiple dimensions of possible program impact can provide a deeper and 

richer base of information for planners and policymakers, particularly in relation to focused and 

therapeutic interventions (Mulvey et al, 1993). Since males and females may respond differently 

to various intervention types, these differences should also be examined (Boxer & Goldsein, 

2012; Elis, 2005; Hipwell & Loeber, 2006).  

Understanding youth behavior and the impact of interventions from an ecological 

perspective takes into account important factors related to the multiple systems in which youth 

participate, not just the program of interest (Carney & Buttell, 2003). By using an ecological 

perspective and including information from individuals, schools, and justice programs, 

tremendous ground can be gained in the struggle to determine what works, what does not, and 

what exactly is changed in the process. Further enriching this ecological approach is the 
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application of longitudinal analysis techniques, which can enhance quantitative analysis for 

evaluation in a way that broadens insight into behavioral and psychosocial development over 

time to guide programmatic design, implementation, and public policy (Dembo et al., 2008). 

Assessing behaviors, attitudes, and functioning over time allows for examination of 

developmental pathways not only prior to and after involvement with a juvenile justice program, 

but also in comparison to the normative development of control groups and/or similar youths 

who did not receive the services of interest. This use of longitudinal analysis is particularly 

significant for quantitative analysis in evaluation of prevention and early intervention programs 

because of the utility of projecting what would have happened without the program, as well as 

the ability to examine particular changes experienced as a result of an intervention. If program 

planners and policymakers want to enhance the lives of delinquent youths and subsequently 

reduce the burden of delinquency on schools, corrections officers, and court systems, then more 

comprehensive and innovative methods such as those presented by this research will be essential 

in the coming years. In support of this call, three examples of longitudinal analysis methods are 

presented in the following chapters as part of a potential framework for quantitative analysis in 

evaluation using multiple data sources for a robust and defensible examination of programmatic 

effects on individual outcomes over time. These examples are designed to answer the following 

research questions: 

1a) How do developmental trajectories of delinquency related behaviors, psychosocial 

factors, family functioning, and school functioning differ between youths who receive an 

intervention program and similarly eligible at-risk youth from the same neighborhoods who do 

not receive the program (normative comparison group); and 1b) how do these changes over time 

differ between males and females? 



62 
 

 2) How do developmental trajectories of delinquency related behaviors, psychosocial 

factors, family functioning, and school functioning differ between youths who receive a higher 

level of program services and similar participants who were referred to the program, but who 

received a minimal level of services? 

3a) How do developmental trajectories of delinquency related behaviors, psychosocial 

factors, family functioning, and school functioning change upon initiation and after participation 

in an intervention, regardless of the receipt of services, among youths referred to the intervention 

program; and 3b) how do these changes over time differ between males and females? 
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CHAPTER III: METHODS 

 Introduction  

 This study provides a comprehensive framework demonstrating three different models for 

quantitatively assessing change over time in relation to program participation using an ecological 

approach to outcomes measures from a variety of secondary data sources. Each of the three 

longitudinal models will address the research questions presented previously. Three secondary 

data sources will be combined to demonstrate change in individual-level and group-level 

outcomes related to eight ecological factors, including behavior, psychosocial factors, family 

functioning, and school functioning among at-risk, low-income youths, some of whom 

participated in a juvenile justice diversion program. The use of these data sets has been approved 

by the University of Alabama's Institute for Social Science Research which currently maintains 

the data and by the University of Alabama Institutional Review Board under the original MYS 

protocols (08-018: Mobile Youth Survey; and 11-012: Linking MYS and Related Data to Mobile 

County Public School System Data). The current study and analysis plan has also been approved 

by the University of Alabama Institutional Review Board under the study protocol number 5787: 

MYS Dissertation Research (See Appendix B).  

Each of the three primary data sets are described below in relation to the purpose of the 

project or program from which the data was obtained, the method of access and compilation of 

the data, and the process by which the data was synthesized. This is an important first step for 

understanding the nature of the data prior to an explanation of the methods of analysis that will 

be used to address the research questions of this study. Following a description of the data used 
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in the analyses, this chapter describes the sample of participants and the measures selected for 

analysis. The three longitudinal analytic models will be presented with a reiteration of the 

research questions. Lastly, several assumptions for the current study are addressed.   

Secondary Data Sources 

 The sample of participants for this study was compiled using three secondary data sources: 1) 

the MYS project; 2) the City of Mobile Police Department’s FIT program; and 3) the Mobile 

County Public School System (MCPSS). Each of these data sources is described in more detail 

below. The subsample includes youths who participated in at least three waves of the MYS from 

1998 (Wave 1) through 2011 (Wave 14) and who have school data for at least three of the 

academic calendar years following each MYS collection (n = 4,758). This sample also includes a 

subsample of youths who also received a referral to the FIT program during the calendar years of 

1998 through 2004 (n = 374). The fourth data source, the Mobile County Juvenile Court records, 

is not included in the overall analyses, but is used as a contextual reference to indicate how many 

of the FIT participants had already been involved in the court system prior to the year of FIT 

initiation. Based on this information (provided in Table 1), the contextual reference indicates that 

the FIT program falls more toward early intervention than prevention in the continuum of justice 

services.  

Mobile Youth Survey 

 Purpose. The MYS is a multi-cohort longitudinal survey of low income youths living in 

public housing or impoverished communities in Mobile and Prichard, Alabama. MYS 

participants range in age from nine to 19 years and are primarily (98%) African-American. The 

MYS began in the summer of 1998 targeting this population of high-risk youths in fifteen 

neighborhoods in the Mobile Metropolitan Statistical Area (MSA), representing 23 block groups 
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within 14 census tracks according to the 2000 Census. In that first year, 1,774 adolescents 

participated in the MYS survey. More than 10,600 additional adolescents have participated in the 

survey over the subsequent years from 1999 to 2011. While the usefulness of MYS has expanded 

beyond the original vision, the primary purpose of the study included three main elements: 1) to 

better understand the etiology of risky behaviors among youths who experience extreme poverty; 

2) to examine how contextual factors such as family, school, and neighborhood impact the 

etiology of risk behaviors; and 3) to establish a ‘community laboratory’ conducive to 

interventions, as well as complementary studies. Accomplishment of this vision is evidenced by 

the longevity of the study, as well as the development of partnerships with the Mobile Housing 

Authority, the Mobile County Public School System, the Mobile Police Department, the Mobile 

Office of Juvenile Justice, and The University of Alabama for conducting additional survey and 

research projects (Bolland, 2007). 

 Sampling strategy. In 1998, 13 neighborhoods, five in Prichard and eight in Mobile, 

were chosen based on the 1990 Census which identified these neighborhoods as having the 

lowest median household income in the Mobile MSA. While the target neighborhoods have 

changed somewhat since 1998 and some youths have moved (and were followed) to non-targeted 

neighborhoods, the MYS targeted neighborhoods remained primarily African-American with an 

overall median household income of $11,523 (Bolland, 2007). A combination of active and 

passive recruitment strategies was used to recruit neighborhood youths to participate in the 

survey during the summer months of each year. Based on public housing records, project staff 

randomly selected half of the public housing units with adolescents. Based on address 

information collected by canvassing the neighborhoods, project staff randomly selected half of 

the residential addresses in non-public housing neighborhoods. These randomly selected active 
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recruitment households were then approached by project staff who knocked on the door, and if 

answered, explained the project and invited household members between the ages of nine and 19 

years to participate in the survey. At that time, parental consent was obtained and a survey 

appointment was established. Active recruitment participants were asked to come to a 

community center, such as a school, church, or Boys and Girls Club facility to take the survey in 

a group survey administration.  

Youths from passive recruitment households were recruited using flyers posted 

throughout the neighborhood. The flyers invited youth nine to 19 years of age to participate in 

the survey and provided a phone number to call for information about the process and survey 

location. If project staff were contacted by a member of a passive recruitment household, 

whether at a survey site, in the field, or by phone, a staff member would arrange a time to go to 

the home to obtain parental consent, and the participant would be scheduled for a time to attend a 

group survey administration. If a youth was scheduled for a group survey administration, either 

by active or passive recruitment method and did not show up, project staff attempted to contact 

them to schedule a different time for group survey administration, or in some cases, for a home-

based administration at a later time (Bolland, 2007).  

Each summer, the MYS project staff would attempt to locate previous participants within 

each targeted neighborhood to repeat the survey, obtaining parental consent each time. A new 

cohort of respondents would also be recruited using the same active and passive recruitment 

strategies as the previous year. Although response rates are difficult to determine, project staff 

estimated the ‘cooperation’ rate in 1998 to be from 59% to 67% for public housing 

neighborhoods, and from 64% and 72% for non-public housing neighborhoods. Retention rates 

varied across years, with an average of 11% aging out each year, and follow-up rates ranging 
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between 43% and 73% for the first seven waves of data collection. Even though some 

participants may not have participated in a consecutive survey year, many were ‘recaptured’ in 

later waves of data collection. No statistically significant differences were found between active 

recruitment and passive recruitment households, or between respondents and non-respondents 

(Bolland, 2007).  

Survey Procedures. When a potential participant arrived at the group survey 

administration site, project staff would check them in to determine eligibility. The check in 

process included determination of having obtained parental consent, of whether previous contact 

was made with the participant or their parent, and of not having already taken the survey during 

the current survey year. In addition, staff would ensure that the respondent could provide their 

name, address, and birth date, matching that information if possible to what was previously 

provided during the recruitment process. Once the respondent’s eligibility information was 

confirmed, he or she would be directed to a room with about 10 to 20 other MYS participants. 

Each participant was given a survey booklet with a cover page, on which they were asked to 

write their name, address, birth date, and date of the survey. The cover pages were then torn off 

and collected by a project staff member. A project staff person would read each question of the 

survey aloud, and respondents were asked to mark their answers to each question in their 

individual survey booklet. If a respondent had difficulty with the pace of the survey, or needed 

special assistance for some reason, a project staff person would work with that respondent 

individually to complete the survey. When the survey was complete the respondent would turn in 

his or her booklet, and in exchange would receive $10 ($15 starting in 2005) for their 

participation in the survey. In 2005 the survey was expanded and the typical time needed to 

complete the expanded survey was approximately an hour and a half (Bolland, 2007). 
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In some special circumstances, or when a respondent did not show up and a later home-

based administration was scheduled, or when a respondent moved to a non-targeted 

neighborhood, the survey would be administered in the respondent’s home. In these cases, if 

others were not in the room, the survey would be administered in the same fashion as a group 

setting, with the project staff person reading each question aloud while the respondent marked 

responses in the survey booklet. However, if others were in the room, or if the situation was 

uncomfortable for the respondent, the respondent would be allowed to read the questions 

themselves and record their answers in the booklet. Upon completion, the participant would 

receive the same $10-15 compensation for their participation. In survey waves subsequent to the 

first, virtually all respondents who had moved to non-targeted neighborhoods were surveyed in 

their home. In 1998, the first year of survey administration, approximately 10% of respondents 

were surveyed in their homes. By 2000 this percentage of home administration had increased to 

20%, further increasing annually due to respondents moving out of targeted neighborhoods 

(Bolland, 2007).  

Survey questions. In the first seven waves of data collection, from 1998 to 2004, 

participants were asked to answer 294 questions about a wide variety of personal factors, risk 

behaviors, and attitudes. The survey included questions about family structure and functioning, 

feelings about self, peers, and the neighborhood, and experiences with school, substance use, 

sex, and violence. In 1995, the survey was expanded to include an additional 114 questions 

which asked about intimate relationships, relationships with a mother and father figure, 

connectedness to school, and connections with friends. Also included was a set of questions 

related to identity style and another set related to ego strengths. Most questions were adapted 

from previous surveys and scales, with adjustments for culture and reading level of the target 
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population. A full description of the questions and scales used by the MYS project can be found 

in Bolland (2007). Only a select number of questions and scale scores will be used for the current 

study, with a full description provided within the section below on measures.  

Family Intervention Team Program 

Purpose. The FIT program is a juvenile justice diversion program established in 1998 by 

the City of Mobile Police Department (CMPD; 1999-2014). In partnership with the judicial 

system and community leaders, FIT is dedicated to providing intervention services aimed at 

preventing further risk behavior among juveniles and strengthening relationships within the at-

risk juvenile’s family. FIT team members are committed to improving the quality of life for 

families through the provision of support, counseling, mentoring, and referral services to youths 

and their families. Services are provided to at-risk youths to assist them with setting goals, 

learning life skills, and resolving conflict. FIT team members assist schools by providing support 

and resources to the school and by working with youths who have disciplinary and academic 

problems. FIT is part of a larger community effort involving community leaders, local officials, 

and churches in initiatives to prevent delinquency and strengthen family values within the 

community. The FIT program consists of eight specialists with experience in counseling, 

education, social work, and law enforcement. Referrals are accepted from a variety of sources 

including parents, schools, and community agencies, but primarily emanate from the Strickland 

Youth Center, the curfew and detention center where youth are taken when arrested or picked up 

by law enforcement. The FIT program is somewhat voluntary in that parents must consent to 

participate, however, participation may be part of a 90-day decree issued by the Strickland Youth 

Center magistrate as part of a conditional diversion agreement. In these cases, if parents of a 

referred youth are uncooperative or refuse to participate, the FIT program specialist is required to 
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notify the magistrate and formal probation or court proceedings may ensue. FIT participants 

include youths who need guidance with behavioral issues, family conflict, low self-esteem, peer 

pressure or bullying, truancy, and academic issues. Specialists are located at five precinct offices 

and one public housing community (City of Mobile, 1999-2014). Over 4,000 youths and their 

families were referred to the FIT program between 1998 and 2005.  

  Data collection procedures. The FIT program was established in 1998 and paper-based 

files have been maintained on each individual who was referred to the program. Referrals were 

typically received from the Strickland Youth Center (SYC; the county youth detention and 

services facility), however, some referrals originated from parents walking into the police 

department or phoning in for assistance, from schools, and from other community agencies. 

When a child was referred, a case file was started and contact with the parent or guardian was 

attempted based on the information obtained from the referral source or police report. The 

contact may have been attempted by letter, by phone call, or both. When contact was made, the 

FIT worker explained the program, obtained consent for participation, and in some cases, 

completed (or the client completed) a psychosocial assessment. Ideally, all paperwork would be 

kept in the case file, referrals documented, and all contacts with the client, family, school, and 

community agencies recorded on case note forms and placed in the file. From 1998 to 2005, case 

information was recorded in a computerized data base, including the FIT identification number, 

the juvenile case number (if any), and the juvenile’s name, date of birth, and address. The first 

four digits of each FIT case number indicated the calendar year in which the youth entered the 

FIT program, while the two digits after the year indicated the case worker to which the youth 

was assigned. Unfortunately, during 2005, a new data system was implemented, but has since 

become inaccessible, so electronic information about FIT participants is unavailable for some 
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cases entering the program in 2005 and all cases beyond that year. Paper files are still 

maintained. 

 The FIT electronic data for 1998 through the beginning of 2005 was obtained by Dr. John 

M. Bolland, through an agreement with the FIT program coordinator who is a Sergeant with the 

Mobile Police Department. Using the name and date of birth information, Dr. Bolland added 

MYS participant identification numbers to identify the FIT youths who also participated in the 

MYS. A total of 612 individuals were identified as participating in FIT between 1998 and 2005 

and in MYS between 1998 and 2009. MYS identification numbers were then used to merge FIT 

information with MYS data for each individual who participated in both MYS and FIT. A more 

detailed summary of how the final sample was generated is included below in the section on 

sample generation. 

Mobile County Public School System  

 Purpose. Located in the southwest corner of Alabama, Mobile County has one of the 

largest public school systems in the State of Alabama, covering 1,644 square miles and enrolling 

over 63,000 students in 2012. The MCPSS is dedicated to a vision that includes a variety of 

pathways to academic and career success, all incorporated into a collaborative school culture 

aimed at improving student learning and graduating its students as life-long learners. The 

MCPSS employs approximately 8,500 people and maintains over 100 public school buildings 

throughout the County, spending more than $774 million per year to educate Mobile County’s 

children. The County is divided into five districts, each electing one representative to serve on 

the five-member Public School Governing Board (Mobile County Public Schools, 2013). 

 Elementary schools total 53 locations for pre-kindergarten through fifth grade, one of which 

is designated as a magnet school, one as a developmental laboratory, one as an intermediate 
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school, and one as a “County Traditional School.” Nineteen middle schools serve grades six 

through eight, including one magnet school, one preparatory school, one training school, and one 

creative and performing arts magnet school. High schools total seventeen schools serving grades 

nine through 12, including one career technical school, one continuous learning center, one 

vocational school, and one alternative school. In the 2006-2007 school year, the average daily 

attendance rate was 94% compared to the state average of 96%, and the percentage of children 

eligible for free and reduced lunch was 65% as compared to the state average of 51%. In the 

same year, 48% of students were enrolled in career or technical classes, compared to the state’s 

average of 54%. The graduation rate in the 2007-2008 school year reached 86%, an increase 

from the previous year’s rate of 82% (Mobile County Public Schools, 2013). 

 Data collection procedures. MCPSS data was obtained by Dr. John M. Bolland, the 

MYS project director and principle investigator, through a Memorandum of Agreement. The data 

was collected by the MCPSS annually from 1998 to 2010, and was received by Dr. Bolland in 

multiple data sets for each type of data and for each school year. These electronic files were in a 

variety of formats, with most in comma-delimited format such as Access or in Excel. These files 

were then converted into Statistical Product and Service Solutions, Inc. (SPSS©, versions 19 - 22; 

formerly named the Statistical Package for the Social Sciences) files for merging and analysis. 

The data was originally collected by school personnel each year and included information about 

the student (name, address, date of birth, race, etc.), the parent or guardian (name, contact 

information, etc.), and school lunch status, disciplinary actions, attendance, standardized test 

scores, as well as a number of other variables. Since having received these files, the MYS project 

staff has been working diligently to prepare the data for merging with MYS data for a variety of 

research purposes. For this study, beyond the identifying demographics needed for matching, 
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two elements of information – number  of days absent and number of days of recorded referrals 

for disciplinary actions – were extracted from each of the MCPSS data sets representing the 

academic school years from 1998-99 to 2008-09. These data elements are described in detail in 

the measures section below. 

Sample Generation 

 The participant sample used for this study was developed from the above secondary data 

sources, with the MYS standing as the primary data source. MYS participants are each assigned 

a unique identification number, called ‘PID,’ which was used to merge each wave of data with 

previous waves to generate a master data set of MYS participants. This data set was restructured 

into a person-period data set, the format needed for longitudinal modeling. The person-period 

data format creates a separate case (or line of data) for each participant's data corresponding to 

the MYS survey year, with each case including (after the merges) all data corresponding to that 

year. Using names and birth dates as matching variables, the MYS staff had also previously 

matched each individual's PID to all FIT participants who had taken the MYS survey. The FIT 

data was then merged into the master MYS file, identifying MYS participants who had been 

referred to the FIT program during the corresponding MYS year. Due to the longitudinal nature 

of the current study, cases with at least three MYS time points (youths who participated in at 

least three waves of data collection) were selected from the full MYS/FIT master file.  

MCPSS variables were then merged into this MYS/FIT data file using the PID identifier 

and the individual's MCPSS number, which was previously applied by MYS staff to each MYS 

participant using the same process of name and date of birth matching. Each year's school data 

(the selected variables) was matched and merged into the person-period data set by matching the 

first part of the school year with the MYS survey year and the individual's PID or school number 



74 
 

(i.e. the 2001-2002 school year's data would be matched to the 2001 MYS survey data). In this 

manner, the school data followed the MYS data, meaning that each year or line of data included 

the MYS survey with corresponding data from the school records for the academic year 

subsequent to the MYS survey. Again, to ensure a true longitudinal design, individuals without 

at least three years of school data were eliminated from the sample. The final sample included 

4,758 MYS participants with three years of both MYS and MCPSS data, of which 374 were also 

identified as having been referred to the FIT program. All variable selection and data merging 

processes were accomplished using SPSS© software (versions 19-22).  

During the development of this project, information was obtained from Sergeant Jackson, 

the FIT program director regarding the FIT cases. Prior to her tenure beginning in 2009, all 

youths referred to the program were given a FIT case number, calling into question whether the 

individuals in the FIT data file had actually received FIT services. Some may have only received 

a letter of invitation to participate in the program and no other services. A record review was 

conducted to ensure accuracy in relation to the ‘received FIT services’ indicator. The initial 

record review involved pseudo-random sampling of paper case files (5-7 from each box chosen 

randomly by the researcher with eyes closed) to determine the potential percentage of cases not 

receiving services. Files older than 2008 were stored in boxes at the Mobile Police Department 

archives building and at some precincts in which FIT workers maintained offices. The pseudo-

random selection of 5-7 case files was pulled from each of nine boxes of files containing case 

files from 1998 to 2005. Each file was reviewed to determine if the individual received only a 

letter or phone contact inviting them to participate in the program or if more contacts and 

services were provided. Approximately 50% of the selected files had in fact only received an 

invitation to participate, meaning that the data set contained both youths who had received FIT 
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services to some extent, and youths who had been referred to FIT, but did not receive FIT 

services beyond the initial contact or attempt to contact. This prompted a full review of FIT case 

files for youths who were both identified as FIT cases and MYS participants. 

All boxes with paper case files between 1998 and 2005 that could be located were 

searched. Using a list of individuals who were identified as having been referred to FIT and 

participated in the MYS, case files that could be found were pulled for review and coding. 

Variables were added to the data set to identify various elements of FIT services. Those who 

received only an invitation to participate, whether by letter or phone contact, and with whom no 

face-to-face contact was ever made, were coded as '0' for no services received. Those who 

received only one face-to-face contact, considered an ‘intake,’ but with no additional contacts or 

services were also coded as ‘0’ for no services. If the record indicated that more than the initial 

contact was made, the case was considered to have received FIT services and was coded as ‘1’ 

for received services.  

The number of contacts recorded in the case file was counted and entered into the data 

set, with those receiving over five contacts coded as '7', which does not represent an actual 

number of contacts, but rather the greatest number in terms of a range of contacts. This number 

was selected based on a qualitative assessment of the potential average of additional contacts 

beyond five. This variable was included only for potential use by the program coordinator in the 

event that some other analysis is requested. Other information collected included the referral 

source, whether the child was already on or subsequently placed on formal probation, and the 

reason recorded for either closing or rejecting the case for services. Only the referral source, 

whether the participant received services or not, and the year in which the FIT referral was 

received were used as variables in this research. Unfortunately due to the inability to locate many 
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of the paper case files and the elimination of those without three years of MYS and MCPSS data, 

the subsample of FIT participants with services data totaled just 280 cases, with 31% identified 

as receiving services and 69% identified as not receiving services. 

Study Participants 

 The final sample for this longitudinal study includes both male and female youths ages 10 

to 18 years who participated in MYS during at least three waves of data collection from 1998 to 

2011 (N = 4,758) with 50% (n = 2,391) males and 50% (n = 2,367) females and who were 

enrolled in school during at least two MYS survey years. Included in these cases is a subsample 

of participants who were also referred to the FIT program (n =374) with 52% (n = 193) males 

and 48% (n = 181) females. Of the subsample of FIT cases, a total of 280 participants, 53% (n = 

148) males and 47% (n = 132) females, have data that classifies them as having either received 

FIT services (n = 87), of whom 52% (n = 45) are males and 48% (n = 42) are females, or did not 

receive FIT services (n = 193) of whom 53% (n = 103) are males and 47% (n = 90) are females). 

The full MYS and the FIT subsample of participants is primarily non-white (98%) due to the 

targeted nature of the MYS on minority youths living in poverty.  

 An analysis of referral sources for FIT participants with services data is included in an 

effort to provide a better understanding of where the FIT program falls on the continuum of 

diversion programming, whether prevention or early intervention. In the strictest sense, 

prevention would involve only those who are referred to the program prior to any involvement 

with police or the juvenile court system, for example (but not necessarily), parental requests or 

school referrals. However, to really understand whether the FIT program is more prevention or 

more early intervention, an analysis of prior juvenile court involvement is also provided to 

further highlight the number of cases already penetrating the court system, at least to some 
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extent. Table 1 provides counts and percentages by FIT referral source for cases with paper file 

data, as well as counts and percentages of FIT participants (those who received a referral) with 

court system involvement. Court system data was obtained by Dr. John M. Bolland and MYS 

participant identification numbers were assigned using the same method of matching by name 

and date of birth. By using the PID to match these court records with FIT cases, the number of 

FIT cases with court involvement prior to, during the same year, and subsequent to fit was 

determine. Of the 374 cases included in the FIT referral subsample 333 had court records. 

Table 1 

Referral Sources and Prior Juvenile Court Involvement for FIT Participant Subsample 

FIT Referral Source Number (n = 280) % of Total 

Parent 12 4.30 

Community Agency or Youth Services 20 7.14 

School 13 4.64 

Police or Ranger 62 22.14 

Strickland Youth Center 160 57.14 

Unknown 13 4.64 

 

FIT Court Involvement 

 

(n = 333) 

 

 

FIT Youth With No Court Prior to FIT 47 14.11 

FIT Youth with Same Year Court Involvement 

FIT Youth With Court Involvement after FIT 

162 

124 

48.65 

37.24 

  

FIT Coding Method 

Two variables were created from the FIT data: 1) FIT services and 2) FIT time, in 

addition to the identification of belonging to the FIT group. As discussed above, FIT cases were 

reviewed to determine whether or not a youth actually received services or simply an invitation 
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to participate. Unfortunately, only a portion of the case files could be located. To examine 

differences between those who in fact did receive services and those who are known to have not 

received services, a smaller subsample with actual service data was identified based on having 

located the paper case file. Among these FIT cases, a coding method was used to create the FIT 

services variable as noted in Table 2. If a youth received only the invitation to participate and/or 

just one initial contact, the case was coded as ‘0’ for no services. Cases with more than one 

contact were coded as ‘1’ for received services. The FIT services variable is based on a 

qualitative assessment of case file information indicating whether the individual received only 

the invitation or initial contact, or whether they received at least minimal services. This variable 

is a grouping variable which indicates whether the individual is in the received FIT services 

group (n = 87; 31%) or the no FIT services group (n = 193; 69%).  

Since some researchers have used an ‘intent to treat’ criteria for inclusion in evaluation 

studies (Krebs et al., 2010), all FIT cases with three waves of MYS and MCPSS data will be 

used for the normative group comparisons (Research Question 1) and the discontinuous 

piecewise analyses (Research Question 3) demonstrated in this quantitative framework for 

evaluation. All FIT cases, regardless of service level, are considered to have received a FIT 

referral. For the FIT versus non-FIT grouping variable, a code of '1' was used to indicate 

membership in the FIT group (having been referred to the FIT program; FIT group; n = 374) and 

a code of '0' was used to indicate MYS participants that did not participate or receive a referral to 

the FIT program (n = 4,384).  

The FIT time variable was coded as a time-varying predictor variable based on the year 

in which the case was ‘opened’ (referral received) by the FIT program. Although the individual 

files provided the exact date the referral was received by FIT, this information was not recorded 
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during the record reviews. The original variable of year of entry was determined sufficient due to 

the annual data collection schedule of MYS and the annual nature of the MCPSS variables. The 

time-varying FIT time variable is coded ‘0’ until the year of referral and then ‘1’ upon referral 

and thereafter. In other words, each individual who is identified as receiving a FIT referral (FIT 

group) will have a '0' code for FIT time until the year in which the FIT referral was received and 

then for any subsequent years the FIT time variable will have the '1' code.  

Table 2 

FIT Variables and Coding 

Measures Codes Description 

FIT group 0 = Not FIT Referred 

1 = FIT Referred 

Indicating participants with MYS & MCPSS data only 

Indicating participants who also had a referral to FIT 

FIT services 0 = No Services 

1 = Received Services 

Indicating no services beyond initial contact  

Indicating some services beyond initial contact 

FIT time 0 = Prior to FIT 

1 = Upon & After FIT 

Indicating survey years prior to the FIT referral 

Indicating survey year of FIT referral and years after  

 

Evaluation Measures 

 A number of behavior, attitude, family functioning, and school functioning factors from 

the MYS and MCPSS data sets were used as dependent outcome measures. Predictors, or 

independent variables included grouping variables for FIT (received a FIT referral or not), FIT 

services (received services or not for the FIT participants only), and gender as fixed effects. Age 

at the time of MYS data collection was used for the metric of time in all models. Due to the 

inconsistency of the age variable as reported by MYS participants, an age variable was 

calculated based on date of birth and July 1 of the MYS survey year. This calculation was also 

necessary to ensure age was not duplicated across years for participants whose birthday occurred 
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during the summer months. FIT time (the calendar year of referral to FIT) was included as a 

time-varying covariate for the discontinuous piecewise models. As mentioned above, this time-

varying predictor of FIT time was coded as a ‘0/1’ variable, with each case receiving a ‘0’ for the 

variable until the year of referral into the FIT program, and a ‘1’ for that variable then after. 

Table 3 illustrates the MYS and FIT measures to be used as independent variables in the various 

analyses. Table 4 provides a list of six dependent variables with source information for each of 

the scales selected from the MYS survey data. Table 5 provides a brief description of the 

dependent measures selected from the MCPSS data to represent school-related outcomes. Each 

dependent measure is then described in more detail in the following section.  

Table 3 

Independent Variable Measures Selected from the FIT and MYS Data 

Measure Source Description 

Age MYS Age in years at time of MYS survey 

Gender MYS Grouping variable indicating whether male or female gender 

FIT group 

FIT services 

CMPD 

CMPD 

Grouping variable indicating FIT participation vs. MYS only 

Grouping variable indicating receipt of FIT services or not  

FIT time CMPD Time metric based on the year in which FIT referral occurred  

 

 The age variable taken from the MYS was used in all analyses as a metric of time in the 

Level 1 (or individual level) portion of the models. Gender was used as a Level 2 predictor 

variable in the normative group comparison models (Research Question 1b) and the 

discontinuous piecewise models (Research Question 3b). The FIT group variable is a 

dichotomous grouping variable that distinguishes the FIT participants (those who received a FIT 

referral) from others in the MYS sample who did not participate in the FIT program (Research 

Question 1). The FIT services variable is a dichotomous variable identifying those who received 
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services and those who only received the invitation and/or initial contact (Research Question 2). 

The FIT time (time of FIT referral) variable is the dichotomous time-varying predictor used in 

the piecewise models to estimate trajectories before and after initiation of FIT (Research 

Question 3). 

Table 4 

Dependent Variable Measures Selected from the MYS Data (Bolland, 2007) 

 

MYS Measure 

 

Source 

 

Alpha 

Test-Retest 

Reliability 

Behavior    

 Weapon Brandishment Browne et al., 2001b -- c = .84c 

 Substance Abuse Browne et al., 2001b -- c = .88c 

Attitudes    

 Self-worth Harter, 1984 .62 - .65a r = .47 

 Inevitability of Violence Bandura, 1973 .61 - .72 r = .60 

Family Functioning    

 Curfew  Lamborn et al., 1991 .63 - .71a r = .51 

 Parental Monitoring Lamborn et al., 1991 .56 - .65a r = .62 

Note: a  denotes the range of Cronbach alpha coefficients (1998-2004) for full scales; b  denotes 

items developed for the NIH-funded, multisite Research on Sex, Violence, and Pregnancy 

Prevention study; c  denotes the consistency coefficient (c) which equals the number of consistent 

responses over repeated measures divided by the total number of respondents.  

 

Table 5 

Dependent Variable Measures Selected from the MCPSS Data 

MCPSS Measure Source Description 

Absenteeism MCPSS Total number of days absent during each school year 

Disciplinary Referrals MCPSS Total number of days during each school year on 

which a disciplinary referral was recorded  
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Description of Dependent Variables 

A number of scale scores and count variables are used as dependent variables for this 

quantitative analysis framework for evaluation. Scale scores are obtained from MYS survey 

responses and are described individually below. Item means and standard deviations, along with 

psychometric properties of each scale used in the analyses, are provided. A full list of questions 

used for each scale from the MYS is provided in Appendix 1. Count variables obtained from the 

MCPSS data and the methods for generating these counts are also described below. Descriptive 

statistics for each scale measure for both the full sample (N = 4,758) and the FIT subsample (n = 

374) are presented in Table 6 at the end of this section. Descriptive statistics for each scale 

measure for the FIT services (n = 87) and non-FIT services (n = 193) subsamples are presented 

in Table 7. 

MYS Scale Score Variables 

Weapon brandishment and substance abuse. The weapon brandishment and substance 

abuse behavior measures were originally developed for the National Institutes of Health (NIH) 

Minority Health Risk Behaviors project which included survey data collection at seven sites 

across the United States (Browne, Clubb, Aubrecht, & Jackson, 2001). One of these sites, located 

in Huntsville, Alabama, served in some respects as the pilot site for the long-term MYS project 

in Mobile, Alabama, which is the source of the data in this current study. Dr. John Bolland was 

the lead investigator for the Huntsville site, and continues as the lead investigator for the MYS 

project.  

 The substance abuse scale is a measure of the frequency and recency of getting drunk or 

high on drugs. Responses from four questions are coded and combined into the scale score. The 

first question is a binary response item of yes or no to the question: 1) Have you ever gotten 
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drunk on alcohol or high on drugs? The remaining three questions offer three response options of 

no, yes - just once, and yes - more than once, and consist of the questions: 2) In the past year (12 

months), did you get drunk on alcohol or high on drugs; 3) In the past month (30 days), did you 

get drunk on alcohol or high on drugs; and 4) In the past week (7 days), did you get drunk on 

alcohol or high on drugs? Responses are then compiled into a score ranging from zero, indicating 

never, to seven, indicating more than once in the past seven days. Higher scores on the substance 

abuse scale indicate greater frequency and recency in abuse of substances. A test-retest reliability 

(cross-wave consistency) score was calculated in previous studies and found to be acceptable (c 

= .88; Bolland, 2007). Test-retest reliability was not conducted on the current sample.  

 Brandishing weapons is a behavior measure similar to that of substance abuse. Weapon 

brandishment measures the frequency and recency of exposing or “pulling” a weapon on 

someone, specifically a knife or a gun. The NIH project survey, as well as the MYS survey, 

contains questions relating to carrying a weapon, pulling a weapon, and using a weapon. The 

brandishing questions and scale were chosen for this study based on the idea of propensity for 

violence and that carrying a weapon such as a knife may speak less to intent to use the weapon 

for violence and more to the idea of simply protection or utility (i.e. using a knife to open boxes 

for work). Responses from three questions asking about pulling a weapon on someone are 

combined into a scale score for weapon brandishment. The questions include one question with a 

dichotomous response of yes or no to: 1) Have you ever pulled a knife or a gun on someone else; 

and two questions with three response options of no, yes - just once, and yes - more than once to: 

2) In the past 3 months (90 days), did you pull a knife or a gun on someone else; and 3) In the 

past month (30 days), did you pull a knife or a gun on someone else? Responses were coded to 

indicate a range from zero, meaning the respondent had never pulled a knife or a gun on 
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someone else, to five, indicating that the respondent had pulled a knife or a gun on someone else 

more than once in the past 30 days. As with substance abuse, a test-retest reliability score was 

calculated in previous studies and found to be acceptable (c = .84; Bolland, 2007). Test-retest 

reliability was not conducted on the current sample.  

Behavioral self-worth. The MYS includes a nine-item scale for overall self-worth 

derived from the Perceived Competence Scale for Children (PCSC; Harter, 1982). The overall 

scale includes two subscales, a general self-worth measure (4 items), and a behavioral self-worth 

measure (5 items). General self-worth questions are largely consistent with the original PCSC, 

however, the behavioral self-worth questions are generally more consistent with the extension of 

the PCSC later developed by Harter, the Self-Perception Profile for Adolescents (SPPA; Harter, 

1988). The SPPA was developed to specifically assess the multidimensional self-concept among 

adolescents (Thomson & Zand, 2002). Bolland (2007) reports a Cronbach alpha for the overall 

scale ranging from α = .62 to .65, with a moderate test-retest reliability (r = .47). Only the 

behavioral self-worth subscale is used in this research due to its greater relevance to the 

objectives of the FIT program, which are focused more toward changing attitudes and troubling 

behaviors rather than raising overall self-esteem.  

The behavioral self-worth subscale consists of five structured alternative questions aimed 

at self-perceptions related to behaviors. Respondents were asked to choose between two 

statements (per item) based on which of the statements was perceived as most like themselves. 

For example: a) I sometimes do things I know I shouldn’t do; or b) I hardly ever do things I 

know I shouldn’t do. Another item included the two statements: a) I usually make good 

decisions; or b) I usually don’t make good decisions. Responses were coded such that positive 

statements received a one and negative statements received a zero, with higher overall scores 
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indicating higher perceived behavioral self-worth. Scores range from zero to five with at least 

three out of five responses required for the calculation of the scale score. The subscale has been 

used extensively in prior research (Byrne & Schneider, 1988; Harter, 1988; Thomson & Zand, 

2002), with Cronbach alphas ranging from α = .58 to .78 (Harter, 1988; Thomson & Zand, 

2002). However, researchers more often use a 4-point scoring system where respondents identify 

which statement is like them (as in the MYS survey) and then rate themselves as somewhat or 

really like the statement they have chosen (which is not a component of the MYS survey). 

Cronbach's alphas were calculated on both the full sample and the FIT referred sample, with 

results indicating a fairly low internal consistency reliability of α = .494 for the full sample (N = 

4,758) and α = .458 for the FIT subsample (n = 347). A low Cronbach's alpha was expected for 

this scale due to the use of a dichotomous response options. A principle components analysis was 

also conducted to examine the extent of variance explained by a single component. Analysis on 

the full sample resulted in 33.22% of the variance explained by the first component, with an 

eigenvalue over one. Analysis on the FIT subsample resulted in 31.74% of the variance 

explained by the first component.  

Attitudes about personal violence. The attitudes about personal violence scale is 

derived from a series of questions posed by Bandura (1973; as cited by Bolland, 2007) and later 

modified for the MYS study. The scale items relate to attitudes about the inevitability of violence 

and the development of aggression through social learning. A total of eight questions measure 

the construct of ‘inevitability of violence,’ which includes two subscales related to neighborhood 

violence and personal violence, with each subscale measured by four questions. Bolland (2007) 

reports a Cronbach alpha for the entire ‘inevitability of violence’ scale ranging from α = .61 to 

.72, with a strong test-retest reliability (r = .60). Drummond, Bolland, and Harris (2011) used the 
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subscales separately in a study about ‘street code’ mentality among MYS participants, with 

alphas ranging from α = .56 to .65 for the inevitability of neighborhood violence (neighborhood 

street code), and alphas ranging from α = .65 to .66 for the inevitability of personal violence 

subscale (internalized street code).  

For the purposes of this study, only the personal violence subscale is used, as reducing 

personal anger and aggression in the resolution of conflict is one focus of the FIT program. The 

attitudes about personal violence subscale measure consists of four questions related to ideas 

about the need for or inevitability of personal violence. For example: a) When I get mad, I 

usually don’t care who gets hurt; b) Hitting someone really knocks some sense into them; and c) 

When you are in an argument, you should stand your ground to get what you want. Respondents 

answered agree or disagree to each statement, and responses were coded as '0' for disagree and '1' 

for agree so that higher numbers on the score indicate a more favorable attitude toward personal 

violence. Scores range from zero to four, with at least three out of four responses required for the 

calculation of the scale score. Cronbach's alphas for this scale were calculated on both the full 

sample and the FIT referred sample, with results indicating an acceptable internal consistency 

reliability of α = .717 for the full sample (N = 4,758) and α = .689 for the FIT subsample (n = 

347). A principle components analysis was also conducted to examine the extent of variance 

explained by a single component. Analysis on the full sample resulted in 55.59% of the variance 

explained by the first component with an eigenvalue over one. Analysis on the FIT subsample 

resulted in 53.12% of the variance explained by the first component.  

Parental monitoring and family curfew. The parental monitoring scale and the family 

curfew scale are derived from the work of Lamborn and colleagues (Lamborn, Mounts, 

Steinberg, & Dornbusch, 1991; Steinberg, Lamborn, Darling, Mounts, & Dornbusch, 1994) to 
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investigate the connection between adolescent competence, psychological adjustment, and 

prototypic styles of parenting. These scales were chosen for the current research as indicators of 

family functioning – an area for which improvements are sought through the family-focused 

elements of the FIT program. The original scales were designed for adolescent self-reports of 

parenting practices. Items for the parental monitoring scale were slightly modified for the MYS 

study and include questions related to how much one’s parents know or try to know about where 

the adolescent goes at night, who they hang out with, and what they do after school, on 

weekends, and during the summer. Six questions make up the parental monitoring scale. Two 

questions have dichotomous yes or no response options (for example, Does your mother or father 

know who you hang out with?); and four questions have ordinal responses including, they don’t 

know (or don’t try), they know (or try) a little, and they know (or try) a lot? For example: a) How 

much does your father or mother really know about where you go at night; and b) Does your 

mother or father try to find out how you spend your time? After a series of coding adjustments, a 

scale score is obtained with a range from zero, meaning they don’t know or try at all, to 14 

meaning they know or try to find out a lot about with whom, where, and what happens when the 

adolescent is hanging out, either at night, after school, or on weekends. At least four out of six 

responses are required for calculation of the scale score.  

Bolland (2007) reports a Cronbach alpha for the modified parental monitoring scale of α 

= .56 to .65, with a strong test-retest reliability (r = .62). Steinberg et al. (1994) uses a similar 

nine item scale with alpha equal to α = .76. Cronbach's alphas for the parental monitoring scale 

were calculated on both the full sample and the FIT referred sample, with results indicating an 

acceptable internal consistency reliability of α = .740 for the full sample (N = 4,758) and α = 

.735 for the FIT subsample (n = 347). A principle components analysis was conducted to 



88 
 

examine the extent of variance explained by a single component. Analysis on the full sample 

resulted in 44.64% of the variance explained by the first component, with an eigenvalue over 

one. Analysis on the FIT subsample resulted in 44.02% of the variance explained by the first 

component.  

Consistent with the parental monitoring measure, the existence of a family curfew 

measure is derived from the same research in which Lamborn et al. (1991; also see Steinberg et 

al., 1994) studied parenting styles and adolescent adjustment. The MYS survey questions ask 

about curfew restrictions during school nights and on the weekends. The questions were 

modified somewhat from the original version for the MYS study, with Cronbach alpha ranges of 

α = .63 to .71 and moderate test-retest reliability (r = .51; Bolland, 2007). The curfew scale 

combines responses from four questions with dichotomous yes or no response options. For 

example: a) Are you allowed to stay out as late as you want on school nights; and b) Are you 

allowed to stay out after dark on weekend nights?  The responses are coded as zero for yes and 

one for no so that higher average scores indicate a greater level of curfew rules. The scale ranges 

from zero to four, with at least three out of four responses required for calculation of the scale 

score.  

Cronbach's alphas for the existence of family curfew scale were calculated on both the 

full sample and the FIT referred sample, with results indicating an acceptable internal 

consistency reliability of α = .703 for the full sample (N = 4,758) and α = .709 for the FIT 

subsample (n = 347). A principle components analysis was also conducted to examine the extent 

of variance explained by a single component. Analysis on the full sample resulted in 52.87% of 

the variance explained by the first component with an eigenvalue over one. Analysis on the FIT 

subsample resulted in 53.40% of the variance explained by the first component.  
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MCPSS Count Variables 

 School absences. The MCPSS variable for absenteeism is a count variable created from 

the MCPSS data sets containing the absentee dates for each child within each school year. Each 

day absent is recorded as a ‘1’ in the data set, and these ‘days’ are counted for each child for a 

total number days absent during each school year. Absences may include full or partial day 

absences. In addition, the school data is not absolutely clear about of the length of time, or 

number of class periods that a student is absent from school. This lack of clarity prevents 

distinguishing between full day absences, early withdrawals, and late arrivals. Therefore all 

absences are included in the count with the assumption that discrepancies related to late arrivals 

and early withdrawals are consistent across students. Furthermore, any time not in school for the 

full day could be related to family or behavioral risk factors and are considered relevant both to 

the FIT program objectives and the assessment of program impact. As with scale scores, 

descriptive statistics for the number of school absences for both the full sample (N = 4,758) and 

the FIT subsample (n = 374) are presented in Table 6 at the end of this section. Descriptive 

statistics for the FIT services (n = 87) and non-FIT services (n = 193) groups are also presented 

in Table 7. 

 School disciplinary referrals. School disciplinary referrals are defined as the number of 

days in the school year for which a school disciplinary referral was recorded for each student. 

The MCPSS data sets that include school violations and disciplinary actions are compiled as 

person-period data sets, with each child having one or more cases (or case entries) for each 

violation and some having multiple violations recorded at the same time or on the same day. In 

addition, corresponding disciplinary actions are recorded as new case entries with the same 

offense listed for each action recorded (e.g. parent conference, in-school suspension, etc.). This 
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duplication of entries for each violation and subsequent action prompted the creation of a 

variable to count each day an offense was recorded, rather than the number of violations or the 

number of disciplinary actions. Each initial case entry for each date on which a student received 

any recorded violation or disciplinary referral, regardless of the action taken, was coded with a 

‘1,’ with each subsequent case entry for that date being coded with a ‘0.’ The number of initial 

cases was then counted to create the total number of disciplinary referral days per school year for 

each student. 

 The recorded disciplinary referrals range in severity from being late to class to possession 

of drugs or weapons. Violations can include misbehaviors such as talking back to the teacher, 

fighting with other students, disrupting class, and not following direction, as well as dress code 

and other school code violations. While this information is useful and interesting, and could be 

used in more detail, a count of any disciplinary referral regardless of severity is considered 

appropriate for this research as an example of the potential for using such data for longitudinal 

outcome evaluation. As with absences, any disciplinary referrals could be considered potentially 

indicative of risk and are therefore relevant to the objectives of the FIT program and the 

assessment of the impact of services. Descriptive statistics for the number of school disciplinary 

referrals for both the full sample (N = 4,758) and the FIT subsample (n = 374) are presented in 

Table 6. Descriptive statistics for the FIT services (n = 87) and non-FIT services (n = 193) 

groups are also presented in Table 7.  
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Table 6 

Dependent Variable Means and Standard Deviations for FIT and Non-FIT Groups 

Measure N Mean Std. Deviation 

 

Brandishing a Weapon 

 FIT Group 

 Non-FIT Group 

 

4758 

374 

4384 

 

0.695 

0.946 

0.673 

 

0.897 

0.983 

0.886 

Getting Drunk or High 

 FIT Group 

 Non-FIT Group 

4758 

374 

4384 

1.255 

1.595 

1.226 

1.537 

1.592 

1.529 

Behavioral Self-worth 

 FIT Group 

 Non-FIT Group 

4758 

374 

4384 

3.178 

2.966 

3.197 

0.872 

0.849 

0.871 

Attitudes about Personal Violence 

 FIT Group 

 Non-FIT Group 

4758 

374 

4384 

1.939 

1.918 

1.941 

0.895 

0.839 

0.900 

Parental Monitoring 

 FIT Group 

 Non-FIT Group 

4758 

374 

4384 

8.873 

8.474 

8.907 

1.965 

1.971 

1.961 

Existence of Family Curfew 

 FIT Group 

 Non-FIT Group 

4758 

374 

4384 

2.228 

2.112 

2.238 

0.848 

0.780 

0.853 

School Absences 

 FIT Group 

 Non-FIT Group 

4758 

374 

4384 

24.357 

33.152 

23.607 

16.479 

16.563 

16.255 

School Discipline Referrals 

 FIT Group 

 Non-FIT Group 

4758 

374 

4384 

3.395 

3.680 

3.375 

3.106 

2.463 

3.155 

Note. Means and standard deviations are calculated using all repeated observations across all 

years. 
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Table 7 

Dependent Variable Means and Standard Deviations for Services and Non-Services Groups 

 N Mean Std. Deviation 

 

Brandishing a Weapon 

 Services Group 

 No Services Group 

 

280 

87 

193 

 

0.976 

1.105 

0.918 

 

0.995 

1.003 

0.989 

Getting Drunk or High 

 Services Group 

 No Services Group 

280 

87 

193 

1.595 

1.822 

1.492 

1.519 

1.583 

1.482 

Behavioral Self-worth 

 Services Group 

 No Services Group 

280 

87 

193 

2.962 

2.936 

2.974 

0.860 

0.813 

0.882 

Attitudes about Personal Violence 

 Services Group 

 No Services Group 

280 

87 

193 

1.964 

2.077 

1.914 

0.850 

0.853 

0.846 

Parental Monitoring 

 Services Group 

 No Services Group 

280 

87 

193 

8.424 

8.329 

8.467 

1.989 

2.077 

1.951 

Existence of Family Curfew 

 Services Group 

 No Services Group 

280 

87 

193 

2.102 

2.067 

2.118 

0.798 

0.817 

0.791 

School Absences 

 Services Group 

 No Services Group 

280 

87 

193 

32.53 

33.284 

32.192 

16.495 

15.931 

16.772 

School Discipline Referrals 

 Services Group 

 No Services Group 

280 

87 

193 

3.811 

3.873 

3.783 

2.506 

2.484 

2.522 

Note. Means and standard deviations are calculated using all repeated observations across all 

years. 
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 Potential confounding of the school variables may occur if FIT participants were more 

inclined than their non-FIT peers to drop out of school. In order to test this concern, a descriptive 

analysis was conducted to determine if dropping out of school was more prevalent among FIT 

participants. Table 8 provides frequencies of observations for the school variables by age for 

both the FIT referred group and the non-FIT group. While the chi-square is significant, χ2(8) = 

29.3, p < .001, the proportion of observations in the fit group is slightly higher at the older ages, 

indicating that school variables were not confounded by excessive dropout among FIT 

participants. 

Table 8 

Descriptive Statistics for School Observations among FIT and non-FIT Groups 

Age Number of School 

Observations 

Percent of Observations 

FIT Group (n = 374) 

 10 

 11 

 12 

 13 

 14 

 15 

 16 

 17 

 18 

 

 137 

 182 

 222 

 249 

 277 

 269 

 220 

 175 

 77 

 

 

 7.58 

 10.07 

 12.28 

 13.77 

 15.32 

 14.88 

 12.17 

 9.68 

 4.26 

Non-FIT Group (n = 4,384) 

 10 

 11 

 12 

 13 

 14 

 15 

 16 

 17 

 18 

 

 1592 

 2013 

 2208 

 2366 

 2319 

 2215 

 1837 

 1343 

 564 

 

 

 9.67 

 12.23 

 13.42 

 14.38 

 14.09 

 13.46 

 11.16 

 8.16 

 3.34 

 

Note: Observations are totaled across all time points to include all school-related observations 

for each age.  
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Analysis Methods 

 The following quantitative methods present several options within this evaluation 

research framework for assessing the impact of a program by applying longitudinal analysis 

models to the FIT juvenile diversion program, which is used in this research as a program 

example. These methods can also be useful with other social and educational programs for which 

longitudinal data is available. These quantitative methods are demonstrated using existing data 

and are presented in the context of juvenile justice diversion programming. Although insight into 

the impact of the program can be gleaned from these results, they are not meant to establish 

effectiveness of the FIT program. The program has made many changes since this data was 

collected and these quantitative methods do not constitute a complete evaluation of the program. 

The objective here is to demonstrate the potential utility of a quantitative framework that 

incorporates data from multiple sources collected over time and uses longitudinal analysis for 

quantitatively assessing program impact in evaluation. Each set of models demonstrates the 

impact of program participation on each of the eight dependent measures representing examples 

of youth behavior and attitudes, family factors, and school functioning. The form of change over 

time for all models is hypothesized to be linear. All models were estimated using SAS© Proc 

Mixed version 9.3. 

Modeling Normative Group Comparisons 

To answer the both parts 'a' and 'b' of research question one, a single set of model 

comparisons for each outcome measure is used to demonstrate how growth trajectories for male 

and female program participants can be compared to normative trajectories of male and female 

peers who did not participate in the program but who have the same demographics (generic or 
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external control group). These models illustrate a group comparison between FIT participants 

and similar peers from the same neighborhoods that did not participate in FIT. Along with the 

grouping variable designating participation in FIT, an additional independent variable of gender 

is added in the Level 2 portion of the model, demonstrating both main effects and interaction 

effects within the fixed-effects portion of the model. Individual level intercepts and slopes are 

estimated as a function of whether the individual received a FIT referral as compared to the MYS 

sample that did not participate in FIT, and whether the individual is male or female. In this 

model the FIT referral subsample (n = 374) is compared to a similar group of peers from the full 

MYS sample (n = 4,384) in order to assess differences in the average scores at age 10 (intercept) 

and change over time (slope) in each dependent variable and whether FIT ‘redirects’ 

developmental trajectories of FIT participants toward the normative trajectories of similar peers. 

The metric of time used in this study is the respondent’s calculated age at the time of 

MYS survey completion, which was then centered for ease of interpretation. Time is measured in 

the Level 1 portion of the model. The FIT group variable is a dichotomous variable applied to all 

cases (N = 4,758) to identify individuals who did and did not receive a referral for FIT. Gender is 

also a dichotomous variable representing an additional independent grouping variable. The Level 

1 portion of the model constitutes the individual-level intercept and slope, along with intra-

individual variation. The Level 2 portion of the model constitutes the group-level fixed effects 

and inter-individual variation, for both gender and FIT group. These models represent the 

intercepts and growth trajectories on each dependent variable for males and females who 

received a FIT referral compared to the intercepts and growth trajectories of males and females 

of similar characteristics who did not get referred to FIT. The models are represented by the 



96 
 

following Level 1 and Level 2 model components, which are then combined into the overall 

composite model equation. 

 

Level 1 Model: 

Yij = π0i + π1i(agec) +  εij  (1a) 

Level 2 Model:  

π0i = γ00 + γ01(gender) + γ02(fitgrp) + γ03(gender*fitgrp) + ζ0i 

 π1i = γ10 + γ11(gender) + γ12(fitgrp) + γ13(gender*fitgrp) + ζ1i (1b) 

Composite Model: 

Yij = γ00 + γ01(gender) + γ02 (gender) + γ03(gender*fitgrp) + γ10 (agec) + 

γ11(gender*agec) + γ12 (fitgrp*agec) + γ13(gender*fitgrp*agec) + ζ0i +  (1c) 

ζ1i (agec) + εij 

 

In these models, the Level 1 portion models the intra-individual change over time, 

allowing a different intercept and slope parameter for each individual. The intercept parameter 

π0i, represents the value of the outcome when age (centered) is 10. The slope parameter, π1i, 

represents the conditional rate of change in the dependent variable over time (the growth 

trajectory). The random coefficient εij represents the unpredicted portion of variability in the 

individual-level outcome. The Level 2 sub-model represents the grouping effects of FIT group 

and gender, indicating the inter-individual differences in intercept and rate of change based on 

both having received a FIT referral and on gender. The interaction effect in these models 

provides a differential coefficient to identify the unique portion of change in intercept and slope 

due to FIT participation and gender. The variance components, or person-specific residuals 
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(represented by ζ0i and ζ1i), allow the effects of time and FIT group to vary randomly across 

individuals (Ployhart & Vandenberg, 2012; Singer & Willett, 2003).  

These longitudinal growth models are designed to test the following research questions: 

1a) How do developmental trajectories of delinquency related behaviors, psychosocial 

factors, family functioning, and school functioning differ between youths who receive an 

intervention program and similarly eligible at-risk youths from the same neighborhoods who do 

not receive the program (normative comparison group)? 

1b) How do changes for males and females differ in trajectories of delinquency related 

behaviors, psychosocial factors, family functioning, and school functioning among intervention 

youths as compared to similarly eligible non-intervention youth from the same neighborhoods. 

Modeling Services Group Comparisons 

To answer research question two and to demonstrate a situation similar to a control group 

comparison, the next set of models examines individual level intercepts and change over time as 

a function of FIT services group membership. FIT services is a grouping variable indicating 

whether services were received beyond the initial contact for the subset of individuals for which 

case records were located (n = 282). The metric of time is again the respondent’s calculated age 

at the time of MYS survey completion, which was then centered for ease of interpretation. Time 

is measured in the Level 1 portion of the model. FIT services identifies those who received just 

an attempt or single contact versus those who received more than a single contact, constituting 

receipt of FIT services. In these models, Level 1 constitutes the individual-level intercept and 

slope, along with intra-individual variation, and Level 2 constitutes the group-level fixed effects 

and inter-individual variation. These models represent the effects of actually receiving FIT 

services compared to not receiving FIT services on each dependent variable over time. Due to 
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small sample size for this analysis, gender differences are not included in this model. However, 

evaluators could choose to add either categorical or continuous covariates to the Level 2 portion 

of the model as demonstrated above. These models are represented by the following Level 1 and 

Level 2 model components, which are then combined into the overall composite model equation. 

 

Level 1 Model: 

Yij = π0i + π1i(agec) +  εij  (2a) 

Level 2 Model: 

π0i = γ00 + γ01(fitsvcs) + ζ0i 

π1i = γ10 + γ11(fitsvcs) + ζ1i (2b) 

Composite Model Equation: 

Yij = γ00 + γ01(fitsvcs) + γ10(agec) + γ11(fitsvcs*agec) + ζ0i + ζ1i(agec) + εij  (2c) 

 

In these models, the Level 1 portion models the intra-individual change over time, 

allowing a different intercept and slope parameter for each individual. The intercept parameter, 

π0i, represents the value of the outcome when age (centered) is 10. The slope parameter, π1i, 

represents the conditional rate of change in the dependent variable over time (the growth 

trajectory). The random coefficient, εij, represents the unpredicted portion of variability in the 

individual-level outcome. The Level 2 sub-model represents the grouping effects of FIT services, 

indicating the inter-individual differences in intercept and rate of change based on having 

received some level of FIT services beyond an initial contact. The variance components, or 

person-specific residuals (represented by ζ0i  and ζ1i), allow the effects of time and FIT services 

to vary randomly across individuals (Ployhart & Vandenberg, 2012; Singer & Willett, 2003).  
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 These longitudinal growth models are designed to test the following research question: 

 2) How do developmental trajectories of delinquency related behaviors, psychosocial 

factors, family functioning, and school functioning differ between youths who receive a higher 

level of program services and similar participants who were referred to the program, but who 

received minimal or no services? 

Modeling Service Initiation 

To answer the final research question and to demonstrate the impact of FIT participation 

regardless of the level of services, piecewise growth curve models (sometimes referred to as 

longitudinal piecewise regression) were used to assess the impact of initiation of FIT and change 

over time on the selected outcome measures. These models examine growth trajectories before 

and after a particular event and are considered discontinuous models due to the potential shift in 

average scores and change over time upon initiation of an event. These models demonstrate a 

baseline trajectory before FIT initiation, the change in elevation or average scores at the time of 

FIT initiation, and the subsequent change in growth over time after initiation of FIT. These 

models include only FIT participants (those referred to FIT; n = 374), regardless of the level of 

services. FIT initiation is represented by the year in which the case was opened by the FIT 

coordinator upon receipt of the referral, with the corresponding variable of FIT time coded as '0' 

until the initiation year and then as '1' thereafter. In addition, these models test differences 

between males and females, illustrating the presence of gender differences in terms of change in 

the dependent variable at the time of FIT initiation and in terms of growth over time. 

These multivariate, discontinuous models illustrate how participation in FIT impacts 

development in each of the dependent variables and whether this change is different for males 

versus females. The metric of time used in these models is again the respondent’s age at the time 
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of MYS survey completion, which was centered for ease of interpretation. The time-varying 

covariate of FIT time is added to the model in Level-1 as a binomial (and interaction term) to 

illustrate the discontinuity, or break, in the growth trajectory (Ployhart & Vandenberg, 2012) as a 

result of the change in FIT status. The Level 2 component contains the gender grouping variable 

as a fixed effect in the model. The models are represented by the following Level 1 and Level 2 

model components, which are then combined into the overall composite model equation. 

Level 1 Model: 

Yij = π0i + π1i(agec) + π2i(fittime) + π3i(fittime*agec) +  εij  (3a) 

Level 2 Model: 

π0i = γ00 + γ01(gender) + ζ0i 

π1i = γ10 + γ11(gender) + ζ1i 

π2i = γ20 + γ21(gender) + ζ2i (3b) 

π3i = γ30 + γ31(gender) + ζ3i 

Composite Model Equation: 

Yij = γ00 + γ01(gender) + γ10(agec) + γ11(gender*agec) + γ20(fittime) +  

γ21(gender*fittime) + γ30(fittime*agec) +  γ31(gender*fittime*agec) +  (3c) 

ζ0i + ζ1i(agec) + ζ2i(fittime) + ζ3i(agec*fittime) + εij  

 

 The Level 1 portion models the intra-individual change over time, allowing a different 

intercept and slope parameter for each individual, along with the time-varying covariate of FIT 

time to model intra-individual shifts in intercept and slope, a transition effect based on time of 

FIT referral. In this discontinuity model, the intercept parameter π0i represents the value of the 

outcome when age is 10 and FIT time is zero. The slope parameter, π1i, represents the conditional 

rate of change while controlling for the effects of FIT time, essentially the rate of change prior to 
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initiation of FIT services. The random coefficient, εij, represents the unpredicted portion of 

variability in the individual-level outcome. The intercept differential for FIT time is represented 

by π2i, which accounts for the magnitude of change associated with FIT time.  

The inclusion of the interaction parameter of agec*fittime, π3i, generates change 

trajectories with varying slopes. This allows the magnitude of the effect of FIT time to vary over 

time, producing a slope differential. In simpler terms, the time-varying covariate and interaction 

terms, π2i(fittime) and π3i(fittime*agec), serve to model potential, instantaneous jumps (or 

declines) in the value of the dependent variable at the time of FIT referral and a different rate of 

change in the dependent variable over time (a change in slope). The Level 2 sub-model 

represents the grouping effects of gender, indicating the inter-individual differences in intercept 

and rate of change. The variance components, or person-specific residuals (represented by ζ0i - 

ζ3i), allow the effects FIT time and change over time to vary randomly across individuals 

(Ployhart & Vandenberg, 2012; Singer & Willett, 2003).  

 These piecewise longitudinal models are designed to test the following research 

questions: 

 3a) How do developmental trajectories of delinquency related behaviors, psychosocial 

factors, family functioning, and school functioning change upon initiation and after participation 

in an intervention, regardless of the receipt of services, among youths referred to the intervention 

program? 

3b) How do changes for males and females differ in trajectories of delinquency related 

behaviors, psychosocial factors, family functioning, and school functioning among intervention 

youths upon referral to and after the intervention program, regardless of the receipt of services? 
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 For each outcome measure analysis, models are estimated three times, producing models 

A, B, and C. Model A is the unconditional growth model used to estimate the average intercept 

and rate of change for each dependent variable regardless of group membership, gender, or time 

of FIT initiation. Model B, the full model analysis is estimated by adding the FIT group, gender, 

and/or FIT time variables to the respective models, along with interaction terms. The full model 

results include estimates for all parameters regardless of significance. Following the full model 

analysis, model fitting is accomplished using backward elimination to obtain the best fitting 

model, Model C, with only significant parameters. The results tables present the parameter 

estimates and deviance statistics for Models A, B, and C for each dependent variable examined 

within each research question. Subsequent figures present a visual representation of the fitted 

model, Model C.  

Considerations 

All of these models can be used as part of an analysis framework to examine a number of 

comparative elements, or can be used individually for specific purposes. These models can also 

be adjusted to include additional predictor variables, or to include additional time-varying 

predictors as warranted by a research question. Whether modeling discontinuous change with 

shifts in elevation or slope as a result of some event, or modeling individual and group 

differences such as gender or program assignment, these analysis methods offer flexibility and 

complexity beyond what is currently realized by common cross-sectional and event occurrence 

techniques. The models illustrated in this study are somewhat simplistic for demonstration 

purposes, but with more practice comes greater ease in the use of advanced statistical methods.  

Multiplicity. A common problem in complex research designs is the multiplicity of data, 

hypotheses, and analyses leading to the need for multiple test procedures to protect against type 1 
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error inflation and potential wrong conclusions (Bender & Lange, 2001). When one significance 

test is performed at a specified alpha level, the probability of type 1 error (rejecting the null 

hypothesis when it is in fact true) is referred to as the comparison-wise alpha (α) or individual 

error rate. Therefore, the probability of not rejecting a null hypothesis that is true is 1 – α. If a 

number of independent tests (k) are performed, a global level or family-wise error rate is 

considered based on the probability of rejecting the global null hypothesis that all individual null 

hypotheses are true simultaneously. This error rate is equivalent to (1 – α)k , with the probability 

of rejecting at least one of the independent null hypotheses when all are true being equivalent to 

1 – (1 – α)k, also called the experiment-wise error rate. As the number of k independent tests 

increase, so also does the experiment-wise error rate (Bender & Lang, 2001; Rothman, 1990).  

Several multiple comparison procedures are available to help avoid the inflation of type 1 

error, with the Bonferroni correction being the most widely used method for adjusting 

probability (p) values when conducting multiple statistical tests in a single experiment 

(Armstrong, 2014; McLaughlin & Sainani, 2014). Other less conservative methods include the 

Holm and Hochberg procedures which are sequential step-wise procedures. Application of the 

Bonferroni correction guarantees that the probability of committing a type 1 error across the 

family of tests is held at 5% or less, effectively lowering the significance threshold by dividing 

the specified alpha level (.05) by the number of statistical tests (.05/k). Although some 

researchers have deemed the Bonferroni correction to be overly conservative (McLaughlin & 

Sainani, 2014), particularly in cases of exploratory studies (Bender & Lang, 2001), it is the 

simplest assurance available for avoiding false positives when making multiple comparisons. 

However its application comes with several drawbacks, including the increased risk of type 2 

error (false negatives) and the subsequent reduction in power (Armstrong, 2014).  
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The application of multiple test procedures does not solve the problem of making valid 

statistical inference, and while the debate continues about what procedure to use when, Bender 

and Lange (2001) suggest two things to consider when making decisions about multiple test 

procedures. First is which statistical tests belong to one experiment, and second is whether the 

research is exploratory or confirmatory in nature. For the current research, the more conservative 

Bonferroni correction was selected with the understanding that the research is more exploratory 

than confirmatory in nature requiring some flexibility in conclusions about significance. Findings 

deemed non-significant based on the Bonferroni correction should not necessarily be readily 

discounted and may need for specific exploration in future studies. In terms of application, the 

correction is applied separately to each set of eight dependent measure analyses, as each model 

example constitutes a particular set of multiple analyses. Hence, for each model set, the adjusted 

significance threshold is α = .05/8 = .00625.   

Missing Data. Missing data can be a significant concern for longitudinal research 

studies, particularly those that involve measurement over long periods of time, but it is not 

necessarily problematic depending on the type of missingness (Singer & Willett, 2003). Missing 

data can result from a number of factors, but in longitudinal studies, missing data is more often a 

factor of attrition, or even attrition and return of participants, as may sometimes be the case in 

this study. However, longitudinal linear mixed-effects models are robust to unbalanced data 

(missing data) and complex covariance structures, so long as the missing data are not related to 

any covariates or outcomes and are not affected by one’s standing on the variable after 

controlling for other relevant variables (Fitzmaurice & Ravichandran, 2008; Ployhart & 

Vandenberg, 2012).  
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For this study, missing data is assumed to be missing at random (MAR; Bolland, 2012), a 

less restrictive type of missingness that assumes that missing data is not related to unobserved 

concurrent variables or the outcomes under study. The MAR assumption allows for the 

probability that missing data may be dependent upon any observed predictors or outcomes 

(Singer & Willett, 2003). Based on the method of data collection for the MYS data, and the 

enrollment based nature of the MCPSS data, one can reasonably assume that attrition from the 

study would not be related systematically to the status of any of these outcome or FIT related 

predictor variables.  

Data assumptions. Several other assumptions are held for this study. As has been 

previously established, self-report data is considered acceptable and reliable (Jeong et al., 2012) 

and may be more revealing in comparison to official records (Lane et al., 2007). For this study, 

both official records and self-report data are examined in terms of outcome measures, thereby 

adding further depth to the analysis, rather than relying on one or the other. In terms of the FIT 

program, this study assumes that participants received an appropriate level of services if they 

agreed to participate in FIT. FIT provides services based on an assessment of need and then 

targets services toward meeting those needs. Since the program is multi-faceted and designed to 

meet the unique needs of each individual and their family, an assessment of dosage would not be 

practical. Therefore, it is assumed that the level of services provided is individually appropriate 

and any differences would occur at random. Furthermore, this research is designed to 

demonstrate a framework for quantitative analysis in programmatic evaluation and is not 

designed as an evaluation of the FIT program. Therefore, any conclusions about the overall 

effectiveness or value of the FIT program would be erroneous.    
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CHAPTER IV: RESULTS 

Introduction 

This study provides a comprehensive framework demonstrating the use of three different 

statistical models for quantitatively evaluating change over time using data from a variety of 

sources to enhance and enrich the understanding of outcomes in relation to juvenile diversion. 

Various group comparisons are included to demonstrate how within program controls and 

external controls can be used to compare treatment groups, as well as gender, in these 

longitudinal models. In addition, longitudinal piecewise models offer pre and post examination 

of program impact. Each of the three longitudinal methods, constituting a set of models 

examining each dependent variable separately, is designed to answer a specific research 

question. A Bonferroni correction is applied to each of the three sets of models to adjust the 

'experiment-wise' error rate, resulting in a significance threshold of p < .00625 for each 

parameter within model example.  

The objective of the study is to demonstrate the potential utility of longitudinal analysis 

as a quantitative method for assessing program impact in evaluation. This chapter will present 

research questions and corresponding results for each set of models examining the eight 

dependent measures representing examples of youth behavior and attitudes, family functioning, 

and school related outcomes. The form of change over time for all models was hypothesized to 

be linear. All models were estimated using the SAS© Proc Mixed version 9.3. 

 

 



107 
 

Examination of the Research Questions 

Normative Comparisons 

Research Question 1a). How do developmental trajectories of delinquency related 

behaviors, psychosocial factors, family functioning, and school functioning differ between 

youths who receive an intervention program and similarly eligible at-risk youth from the same 

neighborhoods who do not receive the program (normative comparison group)?  

Research Question 1b). Are changes in trajectories of delinquency related behaviors, 

psychosocial factors, family functioning, and school functioning different for males as compared 

to females among intervention youths as compared to similarly eligible non-intervention youth 

from the same neighborhoods.  

 To answer the both parts 'a' and 'b' of research question one, a longitudinal growth curve 

model was constructed for each outcome measure to demonstrate how growth trajectories of 

male and female program participants can be compared to normative trajectories of male and 

female peers with the same demographic characteristics. These models illustrate group 

comparisons between FIT participants and similar peers from the same neighborhoods that did 

not participate in (or receive a referral to) the FIT program. This approach could be considered a 

generic or external control design based on the comparison of program participant growth 

patterns to the normative development of similar peers (Aos, 2004; Bjurulf et al., 2012). Along 

with the grouping variable designating participation in FIT, an additional independent variable of 

gender was added in the Level 2 portion of the model, demonstrating both main effects and 

interaction effects within the fixed-effects portion of the model. Individual level intercepts and 

slopes were estimated as a function of whether the individual received a FIT referral as 

compared to the MYS sample that did not participate in FIT and whether the individual is male 
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or female. The sample for research question one includes youths who participated in the MYS 

survey but did not receive a referral to the FIT program (n = 4,384) and youth who participated 

in the MYS survey and did receive a referral to the FIT program (n = 374). 

 Weapon brandishing. Weapon brandishing is a self-reported behavior measure with a 

score indicating frequency and recency of exposing or pulling a weapon (specifically a knife or a 

gun) on someone else. The scale ranges from zero to five with an overall mean of .695 (n = 

4,758) and a standard deviation of .897. Table 9 presents the results of the growth curve models 

for weapons brandishing.  

Table 9   

Growth Curve Results for Weapon Brandishing using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age  

FIT Grp 

Gender 

FIT Grp*Gender 

FIT Grp*Age 

Gender*Age 

FIT Grp*Gender*Age 

 

 

γ00 

γ10 

γ02 

γ01 

γ03 

γ12 

γ11 

γ13 

 

0.458** (0.019) 

0.060** (0.004) 

 

0.514** (0.027) 

0.075** (0.006) 

0.476** (0.091) 

-0.181** (0.038) 

-0.331* (0.133) 

-0.031 (0.020) 

-0.027* (0.009) 

0.026 (0.029) 

 

0.523** (0.026) 

0.072** (0.006) 

0.373** (0.062) 

-0.189** (0.037) 

-0.244* (0.090) 

 

-0.024* (0.008) 

 

Variance Components  

 Residual Variance 

 Variance Intercept 

 Variance Time 

 Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.499** (0.017) 

0.218** (0.031) 

0.013** (0.002) 

0.003 (0.006) 

 

1.181** (0.017) 

0.182** (0.030) 

0.012** (0.002) 

0.005 (0.006) 

 

1.481** (0.017) 

0.082** (0.030) 

0.012** (0.002) 

0.005 (0.006) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

78679.9 

 

 

 

 

 

77096.2 

 

1583.7* 

 

(6, 12.59) 

 

77098.6 

 

1581.3* 

 

(4, 9.49) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). 

* p < .05; **p < .001 
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 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for all participants. The significant estimate for the 

intercept in Model A (γ00 = 0.46, t (4757) = 24.64, p < .001) indicates that the average score for 

weapon brandishing at age 10 is significantly different from zero with an average score of 0.458. 

The significant age parameter (γ10 = 0.06, t (4753) = 14.31, p < .001) indicates that the average 

change in weapons brandishing over time is significantly different from zero, with an average 

increase of 0.0596 points per year. Significant variance in intercept and slope in Model A 

indicates that unexplained variance remains. Since no predictor variables are included in Model 

A, the model fit statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. Model C, the fitted model, includes only the 

significant parameters obtained through backward elimination, creating a more parsimonious 

model. The improvement in model fit is indicated by comparing the difference between the 

unconditional growth model (Model A) fit statistic (the deviance measure of -2 log likelihood, or 

-2LL) and the fitted model (Model C) fit statistic to the χ2 critical value at the .05 alpha level of 

significance. There was a significant difference (χ2(4) = 1581.3, p < .001) in model fit indicating 

that Model C is significantly better than Model A. 

 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for both grouping variables – males not referred to FIT. In model C, the significant 

intercept parameter (γ00 = 0.52, t (4757) = 19.97, p < .001) indicates that the average score for 

weapons brandishing for non-FIT males at age 10 is significantly greater than zero at 0.523. The 

significant parameter for gender (γ01 = 0.19, t (13000) = -5.06, p < .001) indicates that non-FIT 
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females have an intercept at age 10 that is 0.189 points less than that of non-FIT males. The 

significant age parameter (γ10 = 0.07, t (4742) = 12.29, p < .001) indicates that the rate of change 

over time for non-FIT males is significantly greater than zero, with weapons brandishing scores 

increasing by 0.072 points per year. The significant gender by age parameter (γ11 = -0.02, t 

(13000) = -2.94, p = .003) indicates a significant difference in the rate of change over time 

between non-FIT males and non-FIT females. Gender attenuates the increase in weapons 

brandishing over time, with non-FIT females increasing by 0.024 points less per year than non-

FIT males.  

 The significant parameter for FIT group (γ02 = 0.37, t (13000) = 6.03, p < .001) indicates 

that the average intercept for FIT participants at age 10 is significantly higher than that of non-

FIT youths. The average score of 0.896 for FIT males at age 10 for weapons brandishing is .373 

points higher than the score for non-FIT males. The significant parameter for FIT group by 

gender (γ03 = -0.24, t (13000) = -2.71, p =.0066) indicates that FIT females have a significantly 

lower average score at age 10 than FIT males. However, with a Bonferroni correction applied 

based on eight dependent variable analyses, this parameter is considered to be approaching 

significance when compared to the a corrected p value of .00625. Due to the significant FIT 

parameter, FIT females also have a significantly higher average score (M = 0.46) at age 10 than 

non-FIT females (M = 0.33).  

 In relation to change over time among FIT participants, the significant age parameter (γ10 

= 0.07, t (4742) = 12.29, p <.001), which is also applied to the FIT group, indicates that the rate 

of change over time for weapon brandishing among FIT males is significantly greater than zero, 

with weapon brandishing scores increasing by 0.072 points per year. Because of the non-

significant FIT group by age parameter, the rate of change for FIT males is the same as non-FIT 
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males. The non-significant FIT group by age by gender parameter indicates there was no 

additional difference between FIT males and FIT females in rate change over time beyond that 

associated with gender. As with the non-FIT females, the significant gender by age parameter 

(γ11 = -0.02, t (13000) = -2.94, p = .003) indicates that FIT females had a significantly slower 

rate of increase over time than FIT males, with an average of .024 points less per year than the 

rate of increase for FIT males. As with the non-FIT females, gender attenuates the increase in 

weapons brandishing over time. Overall, both FIT males and FIT females had higher average 

scores on weapon brandishing at age 10 than their non-FIT counterparts, but the difference in 

average scores between FIT and non-FIT males was significantly larger than the difference in 

average scores between FIT and non-FIT females. There was no effect of FIT on change over 

time for either gender. Gender, however, had a significant effect on both intercept and rate of 

change over time, with females having significantly lower intercepts and a significant reduction 

in the rate of increase in weapon brandishing over time. 

 Figure 2 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph demonstrates how the males have a similar 

rate of increase over time in weapons brandishing, with the FIT groups' trajectories consistently 

higher than the non-FIT groups' trajectories when compared with the same gender. While the FIT 

and non-FIT females have similar rates of change, the increase over time is tempered by gender, 

leading to a slower rate of increase over time as compared to their male counterparts. The 

difference in average scores between FIT and non-FIT males is clearly visible and significantly 

larger than the differences between average scores of FIT and non-FIT females. 
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Figure 2: Model C graph for Weapon Brandishing by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  

 

 Substance abuse. Substance abuse is a self-reported behavior measure with a score 

indicating frequency and recency of getting drunk on alcohol or high on drugs. The scale ranges 

from zero to seven with an overall mean of 1.26 (n = 4,758) and a standard deviation of 1.54. 

Table 10 presents the results of the growth curve models for substance abuse.  

Table 10  

Growth Curve Analysis Results for Substance Abuse using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

 

FIT Grp 

Gender 

FIT Grp*Gender 

FIT Grp*Age 

Gender*Age 

 

γ00 

γ10 

 

γ02 

γ01 

γ03 

γ12 

γ11 

 

0.226** (0.026) 

0.251** (0.007) 

 

 

 

 

 

 

 

0.184** (0.038) 

0.319** (0.010) 

 

0.679** (0.127) 

-0.023 (0.054) 

-0.384* (0.185) 

-0.053 (0.034) 

-0.127** (0.015) 

 

0.183** (0.026) 

0.316** (0.009) 

 

0.550** (0.090) 

 

-0.368* (0.130) 

 

-0.130**(0.010) 

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

10 11 12 13 14 15 16 17 18

Sc
al

e 
Sc

o
re

Age in Years

Weapon Brandishing

FIT-M

FIT-F

Non-FIT-M

Non-FIT-F



113 
 

FIT Grp*Gender*Age 

 

γ13  

 

0.011 (0.049)  

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

3.483** (0.0366) 

-- 

0.080** (0.003) 

-- 

 

3.436** (0.036) 

-- 

0.075** (0.002) 

-- 

 

3.437** (0.036) 

-- 

0.075** (0.002) 

-- 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

98545.7 

 

 

 

 

 

96726.4 

 

1818.6* 

(6, 12.59) 

 

96730.4 

 

1815.3* 

(3, 7.82) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). -- Intercept variance and co-variance 

components could not be estimated. 

* p < .05; **p < .001 

 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for all participants. Intercept error variance was removed 

from the random effects portion of the model due to the inability of the program to estimate these 

parameters for this dependent variable. The significant estimate for the intercept in Model A (γ00 

= 0.23, t (18000) = 8.3, p < .001) for substance abuse indicates that the average score at age 10 is 

significantly different from zero with an overall average score of 0.226. The significant age 

parameter (γ10 = 0.25, t (4755) = 34.86, p < .001) for change over time in substance abuse 

indicates that the average increase per year is significantly different from zero, with an average 

increase of 0.251 points per year. The significant variance parameter for slope in Model A 

indicates additional variance not explained by the model. Since no predictor variables are 

included in Model A, the model fit statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. Intercept error 

variance could not be estimated and so was removed from the random effects portion of Model B 

as well. From Model B, the F values were used from the Type 3 tests of fixed effects for 
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backward elimination to obtain the best fitting model with only significant parameters. The 

improvement in model fit is indicated by comparing the difference between the unconditional 

growth model (Model A) fit statistic (the deviance measure of -2 log likelihood, or -2LL) and the 

fitted model (Model C) fit statistic to the χ2 critical value at the .05 alpha level of significance. 

There was a significant difference (χ2(3) = 1815.3, p < .001) in model fit indicating that Model C 

is significantly better than Model A. 

 In Model C the intercept and age parameter estimates correspond to the group with a zero 

value for both grouping variables – males not referred to FIT. Again, the intercept variance 

component could not be estimated and was removed from the random effects portion of the 

model. The significant intercept parameter (γ00 = 0.18, t (18000) = 6.99, p < .001) indicates that 

the average score for substance abuse for non-FIT males at age 10 is significantly greater than 

zero at 0.183. The parameter for gender was not significant, indicating that non-FIT females 

have the same average substance abuse score at age 10 (intercept) as non-FIT males. The 

significant age parameter (γ10 = 0.32, t (4753) = 36.27, p < .001) indicates that the rate of change 

over time for non-FIT males is significantly greater than zero, with substance abuse scores 

increasing by 0.316 points per year. The significant gender by age parameter (γ11 = -0.13, t 

(18000) = -12.83, p < .001) indicates a significant difference between the rate of change over 

time between non-FIT males and non-FIT females. Gender attenuates the increase in substance 

abuse over time, resulting in a slower rate of increase (0.19 points per year) for non-FIT females 

as compared to non-FIT males.  

 The significant parameter for FIT group (γ02 = 0.55, t (18000) = 6.13, p < .001) indicates 

that the average intercept score for substance abuse for FIT males at age 10 is significantly 

higher than that of non-FIT males, with an average substance abuse score of 0.733 for FIT males 
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at age 10. The significant parameter for FIT group by gender (γ03 = -0.37, t (18000) = -2.85, p = 

.004) indicates that FIT females have a significantly lower average score at age 10 than FIT 

males, but FIT females still have a significantly higher average score (M = 0.37) at age 10 than 

both non-FIT females and non-FIT males (M = 0.18).  

 In relation to change over time among FIT participants, the non-significant FIT group by 

age parameter indicates that there is no difference in the rate of increase over time between FIT 

males and non-FIT males. The significant age parameter (γ10 = 0.32, t (4753) = 36.27, p < .001) 

is also applied to the FIT group, indicating that the rate of change over time in substance abuse 

for FIT males increases by 0.316 points per year, the same as for non-FIT males. The non-

significant FIT group by age by gender parameter indicates that there was no additional 

difference in the rate of change over time between FIT males and FIT females beyond the effect 

of gender. As with non-FIT females, the significant gender by age parameter (γ11 = -0.13, t 

(18000) = -12.83, p < .001) indicates that substance abuse scores increase at a significantly 

slower rate for FIT females (0.13 points less per year) than for FIT males, a rate of change 

identical to non-FIT females. Overall, both FIT males and FIT females had higher average scores 

on substance abuse at age 10 than their non-FIT counterparts, however there was no effect of FIT 

on change over time for either gender. Gender did have a significant differential effect on the 

intercept for FIT participants, but not for non-FIT participants. Gender also had a significant 

effect on rate of change over time, with females having a significantly slower rate of increase in 

substance abuse over time. 

 Figure 3 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph demonstrates how the males have a similar 

rate of increase over time in substance abuse, with the FIT groups' trajectories consistently 
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higher than the non-FIT groups' trajectories when compared with the same gender. While FIT 

and non-FIT males, as well as FIT and non-FIT females have similar rates of change, the 

increase over time is tempered by gender, leading to a slower rate of increase over time for both 

groups of females as compared to their male counterparts. The difference in average scores 

between FIT and non-FIT males is clearly visible and significantly larger than the differences 

between average scores of FIT and non-FIT females. 

Figure 3: Model C graph for Substance Abuse by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females. 

 

Behavioral self-worth. The behavioral self-worth subscale is a measure of personal 

beliefs about one's own behavior. Scores range from zero to five, with an overall mean of 3.18 (n 

= 4,758) and a standard deviation of 0.872. Higher scores on the scale indicate a greater level of 

perceived self-worth related to behavior. Table 11 presents the results of the growth curve 

models for behavioral self-worth.  
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Table 11  

Growth Curve Results for Behavioral Self-worth using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Grp 

Gender 

FIT Grp*Gender 

FIT Grp*Age 

Gender*Age 

FIT Grp*Gender*Age 

 

 

γ00 

γ10 

 

γ02 

γ01 

γ03 

γ12 

γ11 

γ13 

 

2.859** (0.020) 

0.076** (0.004) 

 

 

 

2.828** (0.030) 

0.069** (0.006) 

 

-0.238* (0.102) 

0.098* (0.043) 

0.034 (0.148) 

-0.002 (0.019) 

0.017* (0.008) 

-0.007 (0.027) 

 

2.829** (0.029) 

0.069** (0.006) 

 

-0.248** (0.046) 

0.101** (0.041) 

 

 

0.017* (0.008) 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.196** (0.014) 

0.714** (0.038) 

0.014** (0.001) 

-0.058** (0.007) 

 

1.195** (0.014) 

0.708** (0.038) 

0.014** (0.001) 

-0.057** (0.007) 

 

1.195** (0.014) 

0.708** (0.038) 

0.014** (0.001) 

-0.058** (0.007) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

76021.8 

 

74878.2 

 

1143.6* 

(6, 12.95) 

 

74878.5 

 

1143.3* 

(3, 7.82) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). 

* p < .05; **p < .001 

 

  

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for all participants. The significant estimate for the 

intercept in Model A (γ00 = 2.86, t (4757) = 139.72, p < .001) indicates that the average score for 

behavioral self-worth at age 10 is significantly different from zero with an average score of 

2.859. The significant age parameter (γ10 = 0.08, t (4753) = 19.35, p < .001) indicates that the 

average change in perceived self-worth over time is significantly different from zero, with an 
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average increase of 0.076 points per year. Significant variance in intercept and slope in Model A 

indicates that unexplained variance remains. Since no predictor variables are included in Model 

A, the model fit statistics offer a baseline comparison for subsequent models. There was a 

significant difference (χ2(3) = 1143.3, p < .001) in model fit indicating that Model C is 

significantly better than Model A.  

 In Model C, the significant intercept parameter (γ00 = 2.83, t (4756) = 97.89, p < .001) 

indicates that the average score for behavioral self-worth for non-FIT males at age 10 is 

significantly greater than zero at 2.829. The significant parameter for gender (γ01 = 0.10, t 

(13000) = 2.46, p = .014) indicates that non-FIT females have an average behavioral self-worth 

score at age 10 that is 0.101 points greater than that of non-FIT males. However, in comparison 

to a Bonferroni correction for multiple comparisons requiring a p value less than .00625, this 

parameter is not significant. The significant age parameter (γ10 = 0.07, t (4743) = 12.40, p < .001) 

indicates that the rate of change over time for non-FIT males is significantly greater than zero, 

with behavioral self-worth scores increasing by 0.069 points per year. The significant gender by 

age parameter (γ11 = 0.02, t (13000) = 2.10, p = .036) indicates a significant difference in the rate 

of change over time between non-FIT males and non-FIT females, with non-FIT females gaining 

behavioral self-worth at a significantly greater rate than non-FIT males. The average rate of 

increase in behavioral self-worth for non-FIT females is 0.085 points per year. Again, however, 

using a Bonferroni correction requiring a p value less than .00625, the gender by age parameter 

is not statistically significant. 

 The significant parameter for FIT group (γ02 = -0.25, t (13000) = -5.35, p < .001) 

indicates that the average behavioral self-worth score for FIT males at age 10 is significantly 

lower  by 0.25 than that of non-FIT males, with an average score of 2.581 for FIT males at age 
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10. The non-significant parameter for FIT group by gender indicates that the gender differences 

in the FIT group are the same as the non-FIT group in relation to average scores at age 10. The 

significant FIT group parameter indicates that FIT females have a significantly lower average 

score (M = 2.68) on behavioral self-worth at age 10 than non-FIT females (M = 2.93).  

 In relation to change over time among FIT participants, the significant age parameter (γ10 

= 0.07, t (474) = 12.40, p < .001) indicates that the rate of change over time for FIT males is 

significantly greater than zero, with behavioral self-worth scores increasing by 0.069 points per 

year. The non-significant FIT group by age parameter indicates that there is no difference 

between FIT males and non-FIT males in the rate of change over time. The significant gender by 

age parameter (γ11 = 0.02, t (13000) = 2.10, p = .036) indicates that FIT females had a 

significantly greater rate of increase over time than FIT males, with an average of 0.017 points 

more per year than the rate of increase for FIT males. With the Bonferroni correction, however, 

this difference is non-significant for the FIT group as well. The non-significant FIT group by age 

by gender parameter indicates that there is no additional difference in change over time between 

FIT males and FIT females, beyond what may be related to gender. Overall, both FIT males and 

FIT females had lower average scores on behavioral self-worth at age 10 than their non-FIT 

counterparts. Females, regardless of FIT participation, experienced significantly greater gains in 

self-worth over time than males. The effect of FIT on behavioral self-worth is consistent over 

time for both genders.  

 Figure 4 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph demonstrates how the FIT and non-FIT 

males have the same rate of increase over time in behavioral self-worth, as do the FIT and non-

FIT females. While the FIT and non-FIT males have the same rate of change and the FIT and 
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non-FIT females have the same rate of change, the increase over time is significantly greater for 

females than the increase experienced by males.  

 

Figure 4: Model C graph for Behavioral Self-worth by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females. 

 

 

Attitudes about personal violence. The attitudes about personal violence subscale 

measures beliefs related to the inevitability or use of personal violence. Scale scores range from 

zero to four with and overall mean of 1.94 (n = 4,758) and a standard deviation of 0.895. Higher 

scores indicate more favorable attitudes toward personal violence. Table 12 presents the results 

of the growth curve models for the dependent measure of attitudes about personal violence. 
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Table 12  

Growth Curve Results for Attitudes about Personal Violence using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

  

Intercept 

Age 

  

FIT Grp 

Gender 

FIT Grp*Gender 

FIT Grp*Age 

Gender*Age 

FIT Grp*Gender*Age 

 

 

γ00 

γ10 

 

γ02 

γ01 

γ03 

γ12 

γ11 

γ13 

 

1.936** (0.020) 

0.003 (0.004) 

 

2.020** (0.030) 

0.021** (0.006) 

 

0.167 (0.102) 

-0.207** (0.043) 

-0.006 (0.148) 

-0.028 (0.021) 

-0.025* (0.009) 

-0.038 (0.030) 

 

2.034** (0.029) 

0.018* (0.006) 

 

 

-0.209** (0.041) 

 

 

-0.024* (0.009) 

-0.040* (0.013) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.605** (0.018) 

0.424** (0.037) 

0.012** (0.002) 

-0.025* (0.007) 

 

1.605** (0.018) 

0.410** (0.037) 

0.012** (0.002) 

-0.024** (0.007) 

 

1.605** (0.018) 

0.413** (0.037) 

0.012** (0.002) 

-0.025** (0.007) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

80903.1 

 

79592.2 

 

1310.9* 

(6, 12.59) 

 

79597.1 

 

1306.0* 

(3, 7.82) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). 

* p < .05; **p < .001;  

 

 The significant estimate for the intercept in Model A (γ00 = 1.94, t (4757) = 94.60, p < 

.001) indicates that the average score for attitudes about personal violence at age 10 is 

significantly different from zero with an average score of 1.936. The non-significant age 

parameter indicates that, on average, attitudes about the need for or inevitability of personal 

violence do not change over time. Significant variance components for intercept and slope in 

Model A indicate that additional variance is unexplained by the model. Since no predictor 

variables are included in Model A, the model fit statistics offer a baseline comparison for 
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subsequent models. There was a significant difference (χ2(3) = 1306.0, p < .001) in model fit 

indicating that Model C is significantly better than Model A. 

 In Model C the intercept and age parameter estimates correspond to the group with a zero 

value for both grouping variables – males not referred to FIT. In model C, the significant 

intercept parameter (γ00 = 2.03, t (4757) = 70.95, p < .001) indicates that the average score for 

attitudes about personal violence for non-FIT males at age 10 is significantly greater than zero at 

2.031. The significant parameter for gender (γ01 = -0.21, t (13000) = -5.10, p < .001) indicates 

that non-FIT females have an intercept at age 10 that is 0.209 points less than that of non-FIT 

males. The significant age parameter (γ10 = 0.02, t (4742) = 3.05, p = .002) indicates that the rate 

of change over time for non-FIT males is significantly greater than zero, with scores for attitudes 

about personal violence increasing by 0.018 points per year. The significant gender by age 

parameter (γ11 = -0.02, t (13000) = -2.83, p = .005) indicates a significant difference between the 

rate of change over time between non-FIT males and non-FIT females. Scores for attitudes about 

personal violence decrease by .006 points per year for non-FIT females.  

 The non-significant parameter for FIT group indicates that the average score for attitudes 

about personal violence for FIT males at age 10 is no different than that of non-FIT males at age 

10. The significant parameter for gender (γ01 = -0.21, t (13000) = -5.10, p < .001) indicates that, 

like their non-FIT counterparts, FIT females have a significantly lower intercept score at age 10 

than FIT males. The non-significant FIT group by gender parameter indicates that there is no 

additional difference between FIT males and FIT females in relation to the average score at age 

10 beyond that attributed to gender.  

 In relation to change over time among FIT participants, the significant age parameter (γ10 

= 0.02, t (4742) = 3.05, p = .002) indicates that the rate of change over time for FIT males is 
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significantly greater than zero, with scores for attitudes about personal violence increasing by 

0.018 points per year, the same rate of change as non-FIT males based on the non-significant FIT 

group by age parameter. The significant gender by age parameter (γ11 = -0.02, t (13000) = -2.83, 

p = .005) indicates a significant difference between the rate of change over time between FIT 

females and FIT males, with an added significant differential based on the significant parameter 

for FIT group by gender by age (γ13 = -0.04, t (13000) = -3.01, p = .003). Attitudes about 

personal violence decrease for FIT females at a significantly greater pace (0.047 points per year) 

than for non-FIT females (0.006 points per year), while scores for FIT and non-FIT males 

increase at a rate of 0.018 points per year. 

 Overall, there were no differences on average attitudes about personal violence scores at 

age 10 based on membership in the FIT group, but gender differences occurred within both FIT 

and non-FIT groups for both the average scores at age 10 as well as the rate of change over time. 

FIT and non-FIT males had identical intercepts and rates of increase over time, while FIT and 

non-FIT females had significantly different intercepts than their male counterparts. FIT females 

also had a significantly different rate of change than non-FIT females and both FIT and non-FIT 

males. 

 Figure 5 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph demonstrates how the males have the same 

average scores and rate of increase, although slight but significant, over time in attitudes about 

personal violence. While the FIT and non-FIT females have the same intercepts, the rates of 

change are significantly different, with FIT females experiencing a significantly greater decrease 

in attitudes about personal violence scores over time. Both groups of females have significantly 

lower average scores on attitudes about personal violence than the two groups of males.  
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Figure 5: Model C graph for Attitudes about Personal Violence by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females. 

 

Family curfew. The family curfew scale is a measure of the existence of rules about 

curfew restrictions during school nights and on the weekends. Scores range from zero to four, 

with an overall mean of 2.23 (n = 4,758) and a standard deviation of 0.848. Higher scores on the 

scale indicate a greater level of family rules about curfew. Table 13 presents the results of the 

growth curve models for the dependent variable of family curfew.  
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Table 13 

Growth Curve Analysis Results for Family Curfew using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

 

FIT Grp 

Gender 

FIT Grp*Gender 

FIT Grp*Age 

Gender*Age 

FIT Grp*Gender*Age 

 

 

γ00 

γ10 

 

γ02 

γ01 

γ03 

γ12 

γ11 

γ13 

 

2.837** (0.019) 

-0.150** (0.004) 

 

 

 

 

 

 

 

2.712** (0.028) 

-0.157** (0.006) 

 

-0.185 (0.095) 

0.281** (0.040) 

0.138 (0.138) 

0.041* (0.019) 

0.009 (0.008) 

-0.058* (0.028) 

 

2.688** (0.022) 

-0.151** (0.004) 

 

 

0.309** (0.023) 

 

 

 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.300** (0.015) 

0.446** (0.033) 

0.015** (0.001) 

-0.040** (0.006) 

 

 

1.294** (0.015) 

0.427** (0.033) 

0.015** (0.002) 

-0.040** (0.006) 

 

 

1.294** (0.015) 

0.430** (0.033) 

0.015** (0.002) 

-0.040** (0.006) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

76773.0 

 

75502.7 

 

1270.3* 

(6, 12.59) 

 

75511.6 

 

1261.4* 

(1, 3.84) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). 

* p < .05; **p < .001 

 

 The significant estimate for the intercept in Model A (γ00 = 2.84, t (4757) = 148.00, p < 

.001) for the dependent variable of family curfew indicates that the average score at age 10 is 

significantly different from zero with an average score of 2.837. The significant age parameter 

(γ10 = -0.15, t (4753) = -37.45, p < .001) indicates that the average change in family curfew over 

time is significantly different from zero, with an average decrease of 0.15 points per year. 

Significant variance components for intercept and slope in Model A indicate that unexplained 

variance remains. Since no predictor variables are included in Model A, the model fit statistics 
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offer a baseline comparison for subsequent models. There was a significant difference (χ2(1) = 

1261.4, p < .001) in model fit indicating that Model C is significantly better than Model A. 

 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for both grouping variables – males not referred to FIT. In model C, the significant 

intercept parameter (γ00 = 2.69, t (4757) = 120.98, p < .001) indicates that the average score for 

family curfew for non-FIT males at age 10 is significantly greater than zero with a score of 

2.688. The significant parameter for gender (γ01 = 0.31, t (13000) = 13.25, p < .001) indicates 

that non-FIT females have an average score for family curfew at age 10 that is 0.308 points 

greater than that of non-FIT males. The significant age parameter (γ10 = -0.15, t (4742) = -37.49, 

p < .001) indicates that the rate of change over time for non-FIT males is significantly greater 

than zero, with family curfew scores decreasing by 0.151 points per year. The non-significant 

gender by age parameter indicates that there is no difference between the rate of change over 

time between non-FIT males and non-FIT females. 

 The non-significant FIT group parameter indicates that the average intercept for FIT 

males at age 10 is no different than that of non-FIT males, and the non-significant parameter for 

FIT group by gender indicates that FIT females have the same average score at age 10 as non-

FIT females. As with the non-FIT females, the significant gender parameter (γ01 = 0.31, t 

(13000) = 13.25, p < .001) indicates that FIT females have a higher family curfew score at age 

10 than FIT males, with an average score of 2.997 at age 10 as compared to the score for males 

of 2.688. In relation to change over time among FIT participants, the significant age parameter 

(γ10 = -0.15, t (4742) = -37.49, p < .001) indicates that the rate of change over time for FIT males 

is significantly greater than zero, with family curfew scores decreasing by 0.15 points per year, 

the same rate of change as non-FIT males. The non-significant FIT group by age parameter 
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indicates that there is no difference in change over time between FIT and non-FIT males. The 

non-significant FIT group by age by gender parameter indicates there was also no difference 

between FIT males and FIT females on change over time. Overall, both FIT males and FIT 

females had the same average scores for family curfew at age 10 as their non-FIT same gender 

counterparts, but there was a significant difference between genders on average family curfew 

scores at age 10, with females having significantly higher scores than males. There was no effect 

of FIT on intercept or change over time for either gender.  

 Figure 6 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph demonstrates how the FIT males and non-

FIT males, as well as the FIT females and non-FIT females, share the same intercept and slope, 

indicating no effect of FIT on initial family curfew scores or change over time. 

 

Figure 6: Model C graph for Family Curfew by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  
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Parental monitoring. The parental monitoring scale is a measure of adolescent self-

reports of parenting practices as an indicator of family functioning. Parental monitoring is related 

to how much one’s parents know or try to know about where the adolescent goes at night, who 

they hang out with, and what they do after school, on weekends, and during the summer. Scores 

range from zero to 14, with an overall mean of 8.873 (n = 4,758) and a standard deviation of 

1.965. Lower scores on the scale mean that their parents don’t know or try to know much at all, 

while higher scores indicate that they know or try to find out a lot, meaning a greater level of 

parental monitoring. Table 14 presents the results of the growth curve models for the dependent 

variable of parental monitoring. 

 

 

Table 14  

Growth Curve Analysis Results for Parental Monitoring using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

 

FIT Grp 

Gender 

FIT Grp*Gender 

FIT Grp*Age 

Gender*Age 

FIT Grp*Gender*Age 

 

 

γ00 

γ10 

 

γ02 

γ01 

γ03 

γ12 

γ11 

γ13 

 

9.746** (0.040) 

-0.218** (0.008) 

 

 

 

 

 

 

9.626** (0.058) 

-0.290** (0.012) 

 

-0.879** (0.196) 

0.379** (0.082) 

0.626* (0.285) 

0.082* (0.040) 

0.134** (0.017) 

-0.060 (0.058) 

 

9.600** (0.056) 

-0.282** (0.012) 

 

-0.586** (0.134) 

0.399** (0.080) 

0.410* (0.194) 

 

0.129** (0.017) 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

4.960** (0.058) 

2.233** (0.144) 

0.075** (0.007) 

-0.121** (0.027) 

 

4.953** (0.058) 

2.064** (0.140) 

0.066** (0.006) 

-0.114** (0.026) 

 

4.953** (0.058) 

2.070** (0.141) 

0.066** (0.006) 

-0.115** (0.026) 

 

Goodness of Fit 

Deviance (-2LL) 

 

 

 

 

107050.7 

 

105133.9 

 

 

105138.3 
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Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

1916.8* 

(6, 12.59) 

 

1912.4* 

(4, 9.49) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). 

* p < .05; **p < .001 

 

  

 The significant estimate for the intercept in Model A (γ00 = 9.75, t (4756) = 244.94, p < 

.001) indicates that the average score for parental monitoring at age 10 is significantly different 

from zero with an average score of 9.746. The significant age parameter (γ10 = -0.22, t (4743) =  

-25.99, p < .001) indicates that the average change in parental monitoring scores over time is 

significantly different from zero, with an average of 0.218 points per year. Significant variance 

components for intercept and slope in Model A indicate that unexplained variance remains. Since 

no predictor variables are included in Model A, the model fit statistics offer a baseline 

comparison for subsequent models. There was a significant difference (χ2(4) = 1912.4, p < .001) 

in model fit indicating that Model C is significantly better than Model A. 

 In model C, the significant intercept parameter (γ00 = 9.60, t (4754) = 171.11, p < .001) 

indicates that the average parental monitoring score for non-FIT males at age 10 is significantly 

greater than zero at 9.599. The significant parameter for gender (γ01 = 0.40, t (13000) = 4.99, p < 

.001) indicates that non-FIT females have an intercept at age 10 that is 0.399 points higher than 

that of non-FIT males. The significant age parameter (γ10 = -0.282, t (4734) = -24.30, p < .001) 

indicates that the rate of change over time for non-FIT males is significantly greater than zero, 

with parental monitoring scores decreasing by 0.282 points per year. The significant gender by 

age parameter (γ11 = 0.13, t (13000) = 7.78, p < .001) indicates a significant difference between 

the rate of change over time between non-FIT males and non-FIT females. Gender attenuates the 

decrease in parental monitoring over time, with the rate of decrease in parental monitoring for 
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non-FIT females being almost half the rate of non-FIT males at .153 points per year versus .282 

points per year respectively.  

 The significant parameter for FIT group (γ02 = -0.59, t (13000) = -4.37, p < .001) 

indicates that the average intercept for FIT males at age 10 is significantly lower than that of 

non-FIT males, with an average parental monitoring score of 9.014 for FIT males at age 10. The 

significant parameter for FIT group by gender (γ03 = .41, t (13000) = 2.12, p =.034) indicates that 

FIT females have a significantly higher average score at age 10 than FIT males, however, based 

on the Bonferroni correction requiring a p value less than .00625, this difference is not 

significant. 

 In relation to change over time among FIT participants, the significant age parameter (γ10 

= -.28, t (4734) = -24.30, p < .001) indicates that the rate of change over time for FIT males is 

significantly greater than zero, with parental monitoring scores decreasing by 0.282 points per 

year. This is the same rate of change as non-FIT males based on the non-significant FIT group by 

age parameter. The non-significant FIT group by age by gender parameter indicates there was no 

additional difference between FIT males and FIT females in rate change over time, beyond that 

associated with gender. As with the non-FIT females, the significant gender by age parameter 

(γ11 = .13, t (13000) = 7.78, p < .001) indicates that FIT females had a significantly slower rate of 

decrease over time than FIT males, with an average of 0.129 points less per year than the rate of 

decrease for FIT males. Overall, only the intercept parameters were significantly different 

between FIT and non-FIT males and between FIT and non-FIT females. There was no effect of 

FIT on change over time for either gender. Gender, however, had a significant effect on both 

intercept and rate of change over time, with females having significantly greater intercepts and a 

significant reduction in the rate of decrease in parental monitoring over time. 
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 Figure 7 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph illustrates how both FIT males and non-FIT 

males, as well as FIT females and non-FIT females, have similar rates of decrease in parental 

monitoring as they grow older. While both FIT and non-FIT females have higher rates of 

parental monitoring than males consistently over time, the rate of decrease in scores is 

significantly slower for females as compared to males. 

 

Figure 7: Model C graph for Parental Monitoring by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  

 

  

School disciplinary referrals. The measure for school disciplinary referrals is defined as 

the number of days during the school year on which a school disciplinary referral was recorded 

for each student. The variable is a continuous count variable with an overall average of 3.395 (n 

= 4,758) and a standard deviation of 3.106. Table 15 presents the results of the growth curve 

models for the dependent measure of school disciplinary referrals. 
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Table 15  

Growth Curve Results for School Disciplinary Referrals using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Grp 

Gender 

FIT Grp*Gender 

FIT Grp*Age 

Gender*Age 

FIT Grp*Gender*Age 

 

 

γ00 

γ10 

 

γ02 

γ01 

γ03 

γ12 

γ11 

γ13 

 

2.268** (0.060) 

0.357** (0.015) 

 

2.583** (0.087) 

0.393** (0.022) 

 

1.198** (0.086) 

-0.824** (0.124) 

-0.534 (0.415) 

-0.238** (0.065) 

-0.025 (0.031) 

0.011 (0.094) 

 

2.635** (0.076) 

0.381** (0.015) 

 

0.947** (0.209) 

-0.932** (0.090) 

 

-0.233** (0.047) 

 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

11.761** (0.160) 

3.362** (0.304) 

0.112** (0.019) 

0.292** (0.062) 

 

11.695** (0.161) 

3.148** (0.300) 

0.106** (0.019) 

0.317** (0.062) 

 

11.695** (0.161) 

3.158** (0.300) 

0.106** (0.019) 

0.315** (0.062) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

102453.5 

 

100607.9 

 

1845.6* 

(6, 12.59) 

 

100611.1 

 

1842.4* 

(3, 7.82) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). 

* p < .05; **p < .001 

 

  

 School disciplinary referrals. For the measure of school disciplinary referrals, the 

significant estimate for the intercept in Model A (γ00 = 2.27, t (4743) = 38.10, p < .001) indicates 

that the average number of school disciplinary days at age 10 is significantly different from zero 

with an average of 2.268 days. The significant age parameter (γ10 = 0.36, t (4442) = 24.53, p < 

.001) indicates that the average change in the number of disciplinary days over time is 

significantly different from zero, with an average increase of 0.357 days per year. Significant 

variance components for intercept and slope in Model A indicate that unexplained variance 
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remains. Since no predictor variables are included in Model A, the model fit statistics offer a 

baseline comparison for subsequent models. There was a significant difference (χ2(3) = 1842.4, p 

< .001) in model fit indicating that Model C is significantly better than Model A. 

 In model C, the significant intercept parameter (γ00 = 2.64, t (4739) = 34.60, p < .001) 

indicates that the average number of school disciplinary days for non-FIT males at age 10 is 

significantly greater than zero at 2.635 days per year. The significant parameter for gender (γ01 = 

-0.93, t (8802) = -10.38, p < .001) indicates that non-FIT females have an average number of 

disciplinary referral days at age 10 that is 0.932 days less than that of non-FIT males, with an 

average of 1.703 disciplinary referrals for females at age 10. The significant age parameter (γ10 = 

0.38, t (4415) = 24.71, p < .001) indicates that the rate of change over time for non-FIT males is 

significantly greater than zero, with the number of disciplinary days increasing by 0.381 days per 

year. The non-significant gender by age parameter indicates that there is no difference in the rate 

of change over time between non-FIT males and non-FIT females.  

 The significant parameter for FIT group (γ02 = 0.95, t (8802) = 4.53, p < .001) indicates 

that the average number of disciplinary referrals for FIT males and females at age 10 is 

significantly higher than that of non-FIT youths, with an average of 3.58 disciplinary referrals for 

FIT males at age 10 and 2.650 for FIT females at age 10. Since the FIT group by gender 

parameter is non-significant, both FIT males and FIT females have the same average increase 

(.947 per year) in the number of disciplinary referrals at age 10. However, the significant 

parameter for gender (γ01 = -0.93, t (8802) = -10.38, p < .001) indicates that FIT females have 

significantly lower average disciplinary referrals at age 10 than FIT males.   

 In relation to change over time among FIT participants, the significant FIT group by age 

parameter (γ12 = -0.23, t (8802) = -4.94, p < .001) indicates that the rate of increase over time for 
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FIT males and females is significantly less than the rate for non-FIT youths, with the number of 

disciplinary referral days increasing at a slower rate (0.233 fewer days) per year than that of the 

non-FIT youths. The non-significant FIT group by gender by age parameter indicates there was 

no difference between FIT males and FIT females on change over time. Overall, both FIT males 

and FIT females had significantly slower rates of increase in school disciplinary referrals than 

the non-FIT groups. While the average number of disciplinary referrals was significantly higher 

for FIT males as compared to non-FIT males at age 10 and similarly for FIT females and non-

FIT females, the significantly slower rates of increase for FIT participants over time results in 

higher average disciplinary referrals for non-FIT youths as compared to FIT youths of the same 

gender. 

 Figure 8 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph demonstrates how both FIT males and FIT 

females have significantly higher intercepts than their same-gender non-FIT counterparts at age 

10 and while the rates of increase are the same for both genders within the non-FIT and FIT 

groups, the rate of increase in disciplinary referrals is significantly slower for FIT participants.  
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Figure 8: Model C graph for School Disciplinary Referrals by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females. 

 

School absences. The measure for school absences is defined as the number of days 

during the school year on which an absence was recorded for each student. The variable is a 

continuous count variable with an overall average of 24.357 days (n = 4,758) and a standard 

deviation of 16.479. Table 16 presents the results of the growth curve models for the dependent 

measure of school absences. 

Table 16 

Growth Curve Analysis Results for School Absences using FIT Group and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Grp 

Gender 

FIT Grp*Gender 

 

γ00 

γ10 

 

γ02 

γ01 

γ03 

 

17.481** (0.328) 

2.157** (0.081) 

 

 

16.986** (0.477) 

2.224** (0.120) 

 

12.427** (1.574) 

-0.928 (0.682) 

-1.252 (2.294) 

 

16.490** (0.339) 

2.232** (0.085) 

 

11.767** (1.144) 
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FIT Grp*Age 

Gender*Age 

FIT Grp*Gender*Age 

 

γ12 

γ11 

γ13 

-1.398** (0.366) 

-0.022 (0.171) 

0.858 (0.531) 

 

-0.903** (0.265) 

 

 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

355.750** 

(4.807) 

99.433** (9.679) 

4.501** (0.571) 

-0.923 (1.968) 

 

351.910** (4.800) 

92.803** (9.529) 

4.492** (0.568) 

-0.873 (1.960) 

 

355.180** (4.794) 

91.586** (9.408) 

4.539** (0.569) 

-0.610 (1.940) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

164076.7 

 

161084.4 

 

2992.3* 

(6, 12.59) 

 

163942.7 

 

134.0* 

(2, 5.99) 

Note. FIT Grp = Group receiving FIT referral (FIT Group). 

* p < .05; **p < .001 

 

  The significant estimate for the intercept in Model A (γ00 = 17.48, t (4743) = 53.35, p < 

.001) indicates that the average number of days absent from school at age 10 is significantly 

different from zero with an average of 17.48 days. The significant age parameter (γ10 = 2.16, t 

(4442) = 26.63, p < .001) indicates that the average change over time for school absences is 

significantly different from zero, with an average increase of 2.157 days per year. Significant 

variance components for intercept and slope in Model A indicate that additional variance is 

unexplained by the model. Since no predictor variables are included in Model A, the model fit 

statistics offer a baseline comparison for subsequent models. There was a significant difference 

(χ2(2) = 134.0, p < .001) in model fit indicating that Model C is significantly better than Model 

A. 

 In model C, the significant intercept parameter (γ00 = 16.49, t (4742) = 48.62, p < .001) 

indicates that the average number of school absences for non-FIT males at age 10 is significantly 

greater than zero at 16.49 days. The parameter for gender is non-significant indicating that non-

FIT females have the same average number of absences at age 10 as non-FIT males. The 
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significant age parameter (γ10 = 2.23, t (4441) = 26.14, p < .001) indicates that the rate of change 

over time for non-FIT males is significantly greater than zero, with school absences increasing 

by 2.232 days per year. The gender by age parameter was also non-significant, indicating that the 

number of days absent for non-FIT females increases at the same rate (2.23 days per year) as 

non-FIT males. 

 The significant parameter for FIT group (γ02 = 11.77, t (9078) = 10.29, p < .001) indicates 

that the average intercept for FIT males at age 10 is significantly higher than that of non-FIT 

males, with an average number of absences at 28.26 days per year for FIT males at age 10. 

Similar to the non-FIT group, the FIT group by gender parameter is non-significant meaning that 

FIT females have the same average intercept at age 10 as the FIT males.  

 In relation to change over time among FIT participants, the significant FIT group by age 

parameter (γ12 = -0.90, t (9078) = -3.40, p < .001) indicates that the rate of increase over time for 

FIT males and females is significantly less than the rate for non-FIT youths, with both FIT males 

and FIT females having significantly fewer days absent per year than their non-FIT counterparts, 

an average increase of only 1.329 days per year for FIT participants compared to 2.23 days for 

non-FIT youths. The non-significant FIT group by age by gender parameter indicates there was 

no difference between FIT males and FIT females on the rate of change over time. Overall, both 

FIT males and FIT females had significantly higher average number of school absences at age 10 

than their non-FIT counterparts as well as a significantly lower rate of change over time as 

compared to the non-FIT groups. Gender had no effect on intercept or change over time for 

either the FIT or the non-FIT groups.  

 Figure 9 provides a visual illustration of the trajectory comparisons between the FIT 

group and the non-FIT group by gender. The graph illustrates how both the males and females 
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within their respective FIT and non-FIT group have the same average score at age 10 and same 

rate of increase over time in the number of school absences. However, the rate of increase over 

time for the FIT group participants is significantly lessened as compared to the non-FIT 

participants. 

Figure 9: Model C graph for School Absences by FIT group and gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females. 

 

 

Control Group Comparisons 

 Similar to the previous models which demonstrated an 'external control' type of design, 

the models demonstrated to answer Research Question 2 offer what could be considered an 

'internal control' design – a more specific look at differences between program participants who 

received a different level of services.  

 Research Question 2). How do developmental trajectories of delinquency related 

behaviors, psychosocial factors, family functioning, and school functioning differ between 
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youths who receive a higher level of program services and similar participants who were referred 

to the program, but who received a minimal or no services? 

 To answer Research Question 2, a longitudinal growth curve model was constructed for 

each outcome measure to demonstrate how growth trajectories of program participants who 

received some level of services can be compared to the trajectories of program participants who 

received no contact or only an initial contact and no further services. Individual level intercepts 

and slopes are estimated as a function of whether a program participant received services beyond 

the initial contact or did not receive services beyond the referral or initial contact. The sub-

sample used in the analyses for Research Question 2 includes youths who participated in the 

MYS, received a referral to the FIT program, and had services information available in their case 

file (n = 280). This sub-sample includes two groups – those who received only an initial contact 

or less (the no services group; n = 193) and those who received more than the initial contact (the 

services group; n = 87). 

 These analyses included an initial unconditional growth model (Model A) to estimate the 

average intercept and rate of change for each dependent variable regardless of membership in the 

FIT services versus no FIT services groups. The full model analysis (Model B) was conducted by 

adding the FIT services group variable to the Level 2 portion of the model. Gender was not 

included in these models due to small sample size. The full model results include estimates for 

all parameters regardless of significance. Using backward elimination of non-significant 

parameters, all models resulted in the unconditional means or unconditional growth model, 

indicating that there was no significant effect of FIT services group on intercept or change over 

time. The following tables present the parameter estimates and deviance statistics for Models A 

and B for each dependent variable under examination in research question two. Each table is 
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followed with a summary of the results related to the corresponding dependent measure. Since 

the main effect of services was non-significant, visual representation of the results are not 

presented. 

 Weapon brandishing. Weapon brandishing is the self-reported behavior measure related 

to the frequency and recency of exposing or pulling a weapon (specifically a knife or a gun) on 

someone else. The scale ranges from zero to five with an overall mean among the FIT services 

sub-sample (n = 280) of 0.976 and a standard deviation of 0.995. Table 17 presents the results of 

the growth curve models for the dependent variable weapons brandishing using the independent 

variable of FIT services group.  

Table 17  

Growth Curve Analysis Results for Weapon Brandishing using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Svcs Group 

FIT Svcs Group*Age 

  

 

γ00 

γ10 

 

γ01 

γ11 

 

 

0.816** (0.086) 

0.037* (0.016) 

 

0.817** (0.104) 

0.026 (0.019) 

 

-0.003 (0.183) 

0.037 (0.035) 

 

0.816** (0.086) 

0.037* (0.016) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.967** (0.085) 

0.386* (0.157) 

0.000 (0.006) 

0.025 (0.026) 

 

1.966** (0.085) 

0.386* (0.157) 

0.000 (0.006) 

0.024 (0.026) 

 

1.967** (0.085) 

0.386* (0.157) 

0.000 (0.006) 

0.025 (0.026) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

5578.0 

 

5575.7 

 

2.3 

(2, 5.99) 

 

5578.0 

 

2.3 

(2, 5.99) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 
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 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 0.82, t (279) = 9.55, p < .001) indicates that the 

average score for weapon brandishing at age 10 for the FIT participants is significantly different 

from zero with an average score of 0.816 at age 10. The significant age parameter (γ10 = 0.04, t 

(279) = 2.31, p = .022) indicates that the average change in weapons brandishing over time is 

significantly different from zero, with an average increase of 0.037 points per year. Significant 

variance for the intercept component in Model A indicates that unexplained variance remains. 

However, the non-significant variance component for time indicates that there is no further 

variability to explain. Since no predictor variables are included in Model A, the model fit 

statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. However, backward elimination resulted in 

the unconditional growth model. The lack of improvement in model fit is indicated by comparing 

the difference between the  Model B fit statistic (the deviance measure of -2 log likelihood, or -

2LL) and the fitted model (Model C) fit statistic to the χ2 critical value at the .05 alpha level of 

significance. There was no significant difference in model fit (χ2(2) = 2.3, p =) indicating that the 

parameters removed from Model B were not needed to obtain the best fitting model. Therefore, 

there was no significant effect of FIT services on weapons brandishing, meaning that those who 

received only the initial contact had the same average weapons brandishing scores at age 10 and 

the same average rate of change over time as those who received a greater level of services. 
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 Substance abuse. Substance abuse is a self-reported behavior measure with a score 

indicating frequency and recency of getting drunk on alcohol or high on drugs. The scale ranges 

from zero to seven with an overall mean among the FIT services sub-sample (n = 280) of 1.595 

and a standard deviation of 1.519. Table 18 presents the results of the growth curve models for 

the dependent variable substance abuse using the independent variable of FIT services group. 

Table 18  

Growth Curve Analysis Results for Substance Abuse using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Svcs Group 

FIT Svcs Group*Age 

  

 

γ00 

γ10 

 

γ01 

γ11 

 

 

0.729** (0.119) 

0.203** (0.028) 

 

0.765** (0.144) 

0.175** (0.033) 

 

-0.116 (0.253) 

0.092 (0.060) 

 

 

0.729** (0.119) 

0.203** (0.028) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

4.768** (0.210) 

0.123 (0.309) 

0.040* (0.020) 

0.055 (0.069) 

 

4.772** (0.210) 

0.113 (0.308) 

0.038* (0.019) 

0.059 (0.068) 

 

4.768** (0.210) 

0.123 (0.309) 

0.040* (0.020) 

0.055 (0.069) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .005  

(df, Critical Value)  

 

 

 

6940.8 

 

 

6937.6 

 

3.2 

(2, 5.99) 

 

6940.8 

 

3.2 

(2, 5.99) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 

  

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 0.73, t (279) = 6.15, p < .001) indicates that the 
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average score for substance abuse at age 10 for these FIT participants is significantly different 

from zero with an average score of 0.729 at age 10. The significant age parameter (γ10 = 0.20, t 

(279) = 7.34, p < .001) indicates that the average change in weapons brandishing over time is 

significantly different from zero, with an average increase of 0.203 points per year. Significant 

variance for the slope component in Model A indicates that unexplained variance remains. 

However, the non-significant variance component for the intercept indicates that there is no 

further variability to explain. Since no predictor variables are included in Model A, the model fit 

statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. However, backward elimination resulted in 

the unconditional growth model. The lack of improvement in model fit is indicated by the non-

significant χ2 difference (χ2(2) = 3.2, p =) between Model B and the fitted Model C, indicating 

that the parameters removed from Model B were not needed to obtain the best fitting model. 

Therefore, there was no significant effect of FIT services on substance abuse, meaning that those 

who received only the initial contact had the same average substance abuse scores at age 10 and 

the same average rate of change over time as those who received a greater level of services. 

 Behavioral self-worth. The behavioral self-worth subscale is a measure of personal 

beliefs about one's own behavior. Scores range from zero to five, with an overall mean among 

the FIT services sub-sample (n = 280) of 2.962 and a standard deviation of 0.860. Higher scores 

on the scale indicate a greater level of perceived self-worth related to behavior. Table 19 presents 

the results of the growth curve models for the dependent variable of behavioral self-worth using 

the independent variable of FIT services group.  
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Table 19  

Growth Curve Analysis Results for Behavioral Self-worth using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Svcs Group 

FIT Svcs Group*Age 

  

 

γ00 

γ10 

 

γ01 

γ11 

 

 

2.704** (0.075) 

0.061** (0.014) 

 

2.756** (0.092) 

0.049* (0.017) 

 

-0.163 (0.162) 

0.036 (0.030) 

 

2.704** (0.075) 

0.061** (0.014) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.276** (0.055) 

0.488** (0.127) 

0.006 (0.004) 

-0.010 (0.020) 

 

1.276** (0.055) 

0.492** (0.127) 

0.005 (0.004) 

-0.011 (0.020) 

 

1.276** (0.055) 

0.488** (0.127) 

0.006 (0.004) 

-0.010 (0.020) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

5131.6 

 

5130.1 

 

1.5 

(2, 5.99) 

 

5131.6 

 

1.5 

(2, 5.99) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 2.70, t (279) = 35.85, p < .001) indicates that the 

average score for behavioral self-worth at age 10 for these FIT participants is significantly 

different from zero with an average score of 2.704 at age 10. The significant age parameter (γ10 = 

0.06, t (279) = 4.38, p < .001) indicates that the average change in behavioral self-worth over 

time is significantly different from zero, with an average increase of 0.061 points per year. 

Significant variance for the intercept component in Model A indicates that unexplained variance 

in the intercept remains. However, the non-significant variance component for time indicates that 
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there is no further variability to explain. Since no predictor variables are included in Model A, 

the model fit statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. Backward elimination resulted in the 

unconditional growth model. The lack of improvement in model fit is indicated by the non-

significant χ2 difference (χ2(2) = 1.5, p =) between Model B and the fitted Model C, 

demonstrating that the parameters removed from Model B were not needed to obtain the best 

fitting model. Therefore, there was no significant effect of FIT services on substance abuse, 

meaning that those who received only the initial contact had the same average substance abuse 

scores at age 10 and the same average rate of change over time as those who received a greater 

level of services. 

 Attitudes about personal violence. The attitudes about personal violence subscale 

measures beliefs related to the inevitability or the use of personal violence. Scale scores range 

from zero to four with and overall mean among the FIT services sub-sample (n = 280) of 1.964 

and a standard deviation of 0.850. Higher scores on the scale indicate more favorable attitudes 

toward personal violence. Table 20 presents the results of the growth curve models for the 

dependent variable of attitudes about personal violence using the independent variable of FIT 

services group. 

Table 20  

Growth Curve Results for Attitudes about Personal Violence using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

 

γ00 

γ10 

 

2.062** (0.075) 

-0.024 (0.015) 

 

2.023** (0.090) 

-0.026 (0.018) 

 

1.975** (0.050) 
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FIT Svcs Group 

FIT Svcs Group*Age 

  

 

γ01 

γ11 

 

 

0.122 (0.160) 

0.008 (0.032) 

 

 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.692** (0.073) 

0.191 (0.121) 

0.000 (0.005) 

0.025 (0.022) 

 

1.690** (0.073) 

0.193 (0.121) 

0.001 (0.005) 

0.023 (0.022) 

 

 

1.694** (0.073) 

0.185 (0.121) 

0.001 (0.005) 

0.024 (0.022) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

5393.1 

 

5391.1 

 

2.0 

(2, 5.99) 

 

5395.7 

 

4.6 

(3, 7.8) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 2.06, t (279) = 27.65, p < .001) indicates that the 

average score for attitudes about personal violence at age 10 for these FIT participants is 

significantly different from zero with an average score of 2.062 at age 10. The non-significant 

age parameter indicates that the average change in attitudes about personal violence over time is 

no different from zero, meaning that attitudes about personal violence on average stay consistent 

over time. Non-significant variance components for the intercept and slope in Model A indicate 

that no unexplained variance remains. Since no predictor variables are included in Model A, the 

model fit statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. Backward elimination resulted in the 

unconditional means model. The lack of improvement in model fit is indicated by the non-
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significant χ2 difference (χ2(3) = 4.6, p =) between Model B and the fitted Model C, 

demonstrating that the parameters removed from Model B were not needed to obtain the best 

fitting model. Therefore, there was no significant effect of FIT services on attitudes about 

personal violence, meaning that those who received only the initial contact had the same average 

scores at age 10 and the same lack of change over time as those who received a greater level of 

services. 

 Family curfew. The family curfew scale is a measure of the existence of rules about 

curfew restrictions during school nights and on the weekends. Scores range from zero to four, 

with an overall mean among the FIT services sub-sample (n = 280) of 2.102 and a standard 

deviation of 0.798. Table 21 presents the results of the growth curve models for the dependent 

variable family curfew using the independent variable of FIT services group.  

 

Table 21  

Growth Curve Analysis Results for Family Curfew using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Svcs Group 

FIT Svcs Group*Age 

  

 

γ00 

γ10 

 

γ01 

γ11 

 

 

2.762** (0.079) 

-0.150** (0.015) 

 

 

 

2.760** (0.096) 

-0.142** (0.018) 

 

0.009 (0.170) 

-0.027 (0.032) 

 

 

2.762** (0.079) 

-0.150** (0.015) 

Variance 

Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.478** (0.063) 

0.480** (0.134) 

0.008 (0.005) 

-0.037 (0.024) 

 

 

1.480** (0.063) 

0.476** (0.135) 

0.008 (0.005) 

-0.036 (0.024) 

 

 

1.478** (0.063) 

0.480** (0.134) 

0.008 (0.005) 

-0.037 (0.024) 

 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

 

 

 

5250.7 

 

5248.9 

 

1.8 

 

5250.7 

 

1.8 
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χ2 at p < .05  

(df, Critical Value)  

(2, 5.99) (2, 5.99) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 2.76, t (279) = 34.81, p < .001) indicates that the 

average score for family curfew at age 10 for these FIT participants is significantly different 

from zero with an average score of 2.762 at age 10. The significant age parameter (γ10 = -0.15, t 

(279) = -9.99, p < .001) indicates that the average change in family curfew over time is 

significantly different from zero, with an average decrease of 0.150 points per year. Significant 

variance for the intercept component in Model A indicates that unexplained intercept variance 

remains. However, the non-significant variance component for time indicates that there is no 

further time variance to explain. Since no predictor variables are included in Model A, the model 

fit statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. Backward elimination resulted in the 

unconditional growth model. The lack of improvement in model fit is indicated by the non-

significant χ2 difference (χ2(2) = 1.8, p =) between Model B and the fitted Model C, 

demonstrating that the parameters removed from Model B were not needed to obtain the best 

fitting model. Therefore, there was no significant effect of FIT services on family curfew, 

meaning that those who received only the initial contact had the same average family curfew 

scores at age 10 and the same average rate of change over time as those who received a greater 

level of services. 
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 Parental monitoring. The parental monitoring scale is a measure of adolescent self-

reports of parenting practices as an indicator of family functioning. The scale scores range from 

zero to 14, with an overall mean among the FIT services sub-sample (n = 280) of 8.424 and a 

standard deviation of 1.989. Higher scores indicate a greater level of parental monitoring. Table 

22 presents the results of the growth curve models for the dependent variable parental monitoring 

using the independent variable of FIT services group.  

 

Table 22 

Growth Curve Analysis Results for Parental Monitoring using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Svcs Group 

FIT Svcs Group*Age 

  

 

γ00 

γ10 

 

γ01 

γ11 

 

 

9.231** (0.165) 

-0.192** (0.031) 

 

9.278** (0.201) 

-0.197** (0.038) 

 

-0.146 (0.355) 

0.015 (0.067) 

 

9.231** (0.165) 

-0.192** (0.031) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

5.536** (0.245) 

2.515** (0.614) 

0.045* (0.023) 

-0.057 (0.103) 

 

5.533** (0.245) 

2.531** (0.616) 

0.045* (0.023) 

-0.060 (0.103) 

 

5.536** (0.245) 

2.515** (0.614) 

0.045* (0.023) 

-0.057 (0.103) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

7197.8 

 

7197.6 

 

0.2 

(2, 5.99) 

 

7197.8 

 

0.2 

(2, 5.99) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 9.23, t (279) = 55.83, p < .001) indicates that the 
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average score for parental monitoring at age 10 for these FIT participants is significantly 

different from zero with an average score of 9.231 at age 10. The significant age parameter (γ10 = 

-0.19, t (278) = -6.13, p = .001) indicates that the average change in parental monitoring scores 

over time is significantly different from zero, with an average decrease of 0.192 points per year. 

Significant variance components for intercept and slope in Model A indicate that unexplained 

variance remains. Since no predictor variables are included in Model A, the model fit statistics 

offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. Backward elimination resulted in the 

unconditional growth model. The lack of improvement in model fit is indicated by the non-

significant χ2 difference (χ2(2) = 0.2, p =) between Model B and the fitted Model C, indicating 

that the parameters removed from Model B were not needed to obtain the best fitting model.  

Therefore, there was no significant effect of FIT services on parental monitoring, meaning that 

those who received only the initial contact had the same average parental monitoring scores at 

age 10 and the same average rate of change over time as those who received a greater level of 

services. 

 School disciplinary referrals. The measure for school disciplinary referrals is defined as 

the number of days during the school year on which a school disciplinary referral was recorded 

for each student. The variable is a continuous count variable with an overall average among the 

FIT services sub-sample (n = 280) of 3.811 and a standard deviation of 2.506. Table 23 presents 

the results of the growth curve models for the dependent variable school disciplinary referrals 

using the independent variable of FIT services group.  
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Table 23  

Growth Curve Results for School Disciplinary Referrals using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Svcs Group 

FIT Svcs Group*Age 

  

 

γ00 

γ10 

 

γ01 

γ11 

 

 

3.358** (0.251) 

0.134* (0.052) 

 

3.401** (0.304) 

0.123* (0.062) 

 

-0.135 (0.537) 

0.034 (0.113) 

 

3.358** (0.251) 

0.134* (0.052) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

15.018** (0.685) 

3.762* (1.269) 

0.039 (0.059) 

-0.141 (0.243) 

 

15.021** (0.686) 

3.744* (1.270) 

0.040 (0.059) 

-0.142 (0.243) 

 

 

15.018** (0.685) 

3.762* (1.269) 

0.039 (0.059) 

-0.141 (0.243) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

7908.2 

 

 

7908.1 

 

0.1 

(2, 5.99) 

 

7908.2 

 

0.1 

(2, 5.99) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 3.36, t (279) = 13.40, p < .001) indicates that the 

average number of school disciplinary referral days at age 10 for this FIT group is significantly 

different from zero with an average of 3.358 days at age 10. The significant age parameter (γ10 = 

0.13, t (278) = 2.58, p = .011) indicates that the average change in disciplinary referrals over 

time is significantly different from zero, with an average increase of 0.134 days per year. 

Significant variance for the intercept component in Model A indicates that unexplained intercept 

variance remains. However, the non-significant variance component for time indicates that there 
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is no further slope variability to explain. Since no predictor variables are included in Model A, 

the model fit statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. Backward elimination resulted in the 

unconditional growth model. The lack of improvement in model fit is indicated by the non-

significant χ2 difference (χ2(2) = 0.1, p =) between Model B and the fitted Model C, indicating 

that the parameters removed from Model B were not needed to obtain the best fitting model.  

Therefore, there was no significant effect of FIT services on the number of school disciplinary 

referral days, meaning that those who received only the initial contact had the same average 

number of disciplinary referrals at age 10 and the same average rate of change over time as those 

who received a greater level of services. 

 School absences. The measure for school absences is defined as the number of days 

during the school year on which an absence was recorded for each student. The variable is a 

continuous count variable with an overall mean among the FIT services sub-sample (n = 280) of 

32.53 and a standard deviation of 16.495. Table 24 presents the results of the growth curve 

models for the dependent variable of school absences using the independent variable of FIT 

services group. 

Table 24  

Growth Curve Analysis Results for School Absences using FIT Services Group 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

FIT Svcs Group 

 

γ00 

γ10 

 

γ01 

 

27.783** (1.660) 

1.349** (0.374) 

 

 

28.106** (2.009) 

1.231* (0.448) 

 

-1.055 (3.561) 

 

27.783** (1.660) 

1.349** (0.374) 
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FIT Svcs Group*Age 

  

γ11 

 

0.390 (0.812) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

567.190** (26.674) 

218.060** (62.988) 

10.069** (3.243) 

-31.842* (13.043) 

 

567.610** (26.711) 

216.880** (62.877) 

9.964** (3.239) 

-31.536* (13.015) 

 

567.190** (26.674) 

218.060** (62.988) 

10.069** (3.243) 

-31.842* (13.043) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

13014.3 

 

13014.0 

 

0.3 

(2, 5.99) 

 

13014.3 

 

0.3 

(2, 5.99) 

Note. FIT Svcs Group = Group receiving FIT Services. 

* p < .05; **p < .001 

  

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for the FIT participants with services data. The significant 

estimate for the intercept in Model A (γ00 = 27.78, t (279) = 16.74, p < .001) indicates that the 

average score for the number of days absent from school at age 10 for this FIT group is 

significantly different from zero with an average of 27.783 days at age 10. The significant age 

parameter (γ10 = 1.35, t (278) = 3.06, p < .001) indicates that the average change in school 

absences over time is significantly different from zero, with an average increase of 1.349 days 

per year. Significant variance components for intercept and slope in Model A indicate that 

unexplained variance remains. Since no predictor variables are included in Model A, the model 

fit statistics offer a baseline comparison for subsequent models.  

 Model B is a full model analysis with estimates for all parameters. From Model B, the F 

values were used from the Type 3 tests of fixed effects for backward elimination to obtain the 

best fitting model with only significant parameters. Backward elimination resulted in the 

unconditional growth model. The lack of improvement in model fit is indicated by the non-
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significant χ2 difference (χ2(2) = 1.5, p =) between Model B and the fitted Model C, indicating 

that the parameters removed from Model B were not needed to obtain the best fitting model.  

Therefore, there was no significant effect of FIT services on the number of days absent from 

school, meaning that those who received only the initial contact had the same average number of 

school absences at age 10 and the same average rate of change over time as those who received a 

greater level of services. 

Discontinuous (Piecewise) Models 

 Research Question 3a). How do developmental trajectories of delinquency related 

behaviors, psychosocial factors, family functioning, and school functioning change upon 

initiation and after participation in an intervention, regardless of the receipt of services, among 

youths referred to the intervention program? 

Research Question 3b). How do changes for males and females differ in trajectories of 

delinquency related behaviors, psychosocial factors, family functioning, and school functioning 

among intervention youths upon referral to and after the intervention program, regardless of the 

receipt of services? 

To answer both parts 'a' and 'b' of research question three, a longitudinal piecewise 

growth curve model was constructed for each outcome measure to demonstrate how growth 

trajectories of male and female program participants can be examined in relation to progression 

of the outcome measure prior to entry into a program (baseline), upon initiation of services, and 

over time after participation. These models illustrate group comparisons, in this case between 

male and female participants of a program, as well as developmental change both before and 

after program participation. Along with the gender grouping variable in Level 2 of the model as 

seen in research question one, an additional time-varying independent variable designating the 
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time of FIT initiation is added in the Level 1 portion of the model to demonstrate the before and 

after program effects. The sample used for Research Question 3 includes youths who participated 

in the MYS survey and received a referral to the FIT program (n = 374). 

 These analyses included an initial unconditional growth model (Model A) to estimate the 

average intercept and rate of change for each dependent variable regardless of gender or program 

initiation. The full model analysis (Model B) was conducted by adding the time-varying 

independent variable of FIT initiation (FIT time) and the gender variable to the model along with 

interaction terms for FIT time by gender. The full model results include estimates for all 

parameters regardless of significance. Following the full model analysis, model fitting was 

accomplished using backward elimination to remove any non-significant parameters from the 

model until only statistically significant parameters remained (Model C). The following tables 

present the parameter estimates and deviance statistics for Models A, B, and C for each of the 

eight dependent variables under examination. Each table is followed with a summary of the 

results related to the corresponding dependent measure. Subsequent figures present a visual 

representation of the fitted model, Model C. 

Weapons brandishing. The weapons brandishing score is related to the recency and 

frequency of pulling a gun or a knife on someone else. Scores range from zero to five, with an 

overall mean for the FIT referred group (n =374) of 0.946 and a standard deviation of 0.983. 

Higher scores on the scale indicate greater frequency and recency in brandishing a weapon. 

Table 25 presents the results of the piecewise growth curve models for brandishing a weapon.  
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Table 25 

Piecewise Analysis Results for Weapon Brandishing using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

Gender 

FIT-T 

FIT-T*Gender 

Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

 

γ00 

γ10 

 

γ01 

γ20 

γ21 

γ11 

γ30 

γ31 

 

0.769** (0.079) 

0.040*  (0.014) 

 

0.933** (0.148) 

0.035 (0.053) 

 

-0.631* (0.208) 

0.191 (0.204) 

.0355 (0.306) 

0.054 (0.075) 

-0.012 (0.058) 

-0.096 (0.083) 

 

.996** (0.082) 

 

 

-0.496** (0.096) 

0.245** (0.073) 

 

 

 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.966** (0.069) 

0.553** (0.070) 

-- 

-- 

 

1.891** (0.073) 

0.357* (0.141) 

0.004 (0.006) 

0.006 (0.025) 

 

1.891** (0.073) 

0.374* (0.141) 

0.005 (0.006) 

0.003 (0.025) 

 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

7330.4 

 

7090.7 

 

 

239.7* 

(6, 12.59) 

 

7095.1 

 

 

235.3* 

(1, 3.84) 

Note. FIT-T = Time (year) of referral to FIT; -- Time variance and co-variance components 

could not be estimated. 

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for all FIT participants. For this model, the time variance 

component could not be estimated and so was removed from the model subsequently eliminating 

the covariance component as well. The significant estimate for the intercept in Model A (γ00 = 

0.77, t (373) = 9.74, p < .001) indicates that the score for weapons brandishing at age 10 for the 

FIT referred group is significantly different from zero, with an average score of 0.769. The 

significant age parameter (γ10 = 0.04, t (1616) = 2.84, p = .005) indicates that the average change 
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in weapons brandishing over time is significantly different from zero, with an average increase 

of 0.040 points per year. Significant variance for the intercept component in Model A indicates 

that unexplained intercept variance remains. Since no predictor variables are included in Model 

A, the model fit statistics offer a baseline comparison for subsequent models. There was a 

significant difference (χ2(1) = 235.3, p < .001) in model fit indicating that Model C is 

significantly better than Model A. 

 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for the grouping variable, in this case the males. In Model C the significant intercept 

parameter (γ00 = 1.00, t (373) = 12.16, p < .001) indicates that the average score for weapons 

brandishing for FIT males at age 10 prior to FIT referral is significantly greater than zero at 

0.996. The significant parameter for gender (γ01 = -.50, t (1199) = -5.16, p < .001) indicates that 

FIT females have an intercept at age 10 prior to FIT referral that is significantly lower by 0.496 

points than the score for FIT males. The non-significant age parameter indicates that the initial 

rate of change over time prior to initiation in the program is not different from zero, and the non-

significant age by gender parameter indicates there is no difference between males and females 

in rate of change, meaning they both have a rate of change no different from zero prior to FIT 

referral.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the significant parameter for FIT time (γ20 = 0.25, t (1199) = 3.37, p < .001) 

indicates that the average change (or difference) in weapons brandishing scores for FIT males at 

the time of referral to FIT is significantly greater than zero, and the average score is significantly 

higher than the average score prior to the time of FIT initiation for FIT males. In this 

discontinuous model, the average score for FIT males at the time of referral is increased by 0.245 
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points, meaning the average score for weapons brandishing at the time of referral for FIT males 

is 1.24. The non-significant parameter for FIT time by gender indicates that FIT females 

experience the same increase (0.245 points) in the average score at the time of FIT referral as do 

males, with no differential effect of gender.  

 In relation to change over time among FIT participants after the initiation of FIT, the non-

significant FIT time by age parameter indicates that the difference in the rate of change after FIT 

initiation for males is no greater than zero, with weapons brandishing scores for males remaining 

constant after referral to the FIT program. The non-significant FIT time by age by gender 

parameter indicates that there were no gender differences between males or females on the rate 

of change over time after FIT initiation. Overall, FIT females had consistently lower average 

scores than FIT males and both FIT males and FIT females had higher average scores on 

weapons brandishing at the time of initiation than prior to FIT referral. However, there was no 

effect of FIT on the rate of change after FIT referral for either gender.  

 Figure 10 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females for weapon brandishing both before and after the time of referral to the 

FIT program. The time of FIT initiation (or referral to FIT) is illustrated at age 14 for all 

participants. The graph demonstrates how the males and females have identical rates of change 

equal to zero both before and after FIT and identical increases at the time of FIT referral, with 

gender differences in average scores remaining consistent over time. 
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Figure 10: Piecewise Model C graph for Weapon Brandishing by gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  

 

Substance abuse. The substance abuse score is related to the recency and frequency of 

getting high or drunk on alcohol. Scores range from zero to seven, with an overall mean for the 

FIT referred group (n =374) of 1.595 and a standard deviation of 1.592. Higher scores on the 

scale indicate greater frequency and recency of substance abuse. Table 26 presents the results of 

the piecewise growth curve models for substance abuse.  

Table 26  

Piecewise Analysis Results for Substance Abuse using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

Gender 

 

γ00 

γ10 

 

γ01 

 

0.722** (0.105) 

0.201** (0.024) 

 

0.985** (0.211) 

0.129 (0.081) 

 

-0.641* (0.296) 

 

.993** (0.137) 

0.134* (0.050) 

 

-0.503* (0.166) 
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FIT-T 

FIT-T*Gender 

Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

γ20 

γ21 

γ11 

γ30 

γ31 

0.058 (0.302) 

0.290 (0.456) 

0.055 (0.114) 

0.118 (0.088) 

-0.195 (0.126) 

 

 

 

 

0.122* (0.044) 

-0.117* (0.037) 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

4.637** (0.178) 

0.218 (0.280) 

0.045* (0.017) 

0.048 (0.061) 

 

 

4.576** (0.179) 

0.092 (0.269) 

0.039* (0.017) 

0.050 (0.060) 

 

4.578** (0.179) 

0.195 (0.268) 

0.039* (0.017) 

0.050 (0.059) 

 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

9105.6 

 

8836.5 

 

269.1* 

(6, 12.59) 

 

8837.6 

 

268.0* 

(3, 7.82) 

 

Note. FIT-T = Time (year) of referral to FIT.  

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time for all FIT program participants. The significant estimate for the 

intercept in Model A (γ00 = 0.72, t (373) = 6.86, p < .001) indicates that the score for substance 

abuse at age 10 for the FIT referred group is significantly different from zero with an average 

score of 0.722. The significant age parameter (γ10 = 0.20, t (373) = 8.26, p < .001) indicates that 

the average change in substance abuse over time is significantly different from zero, with an 

average increase of 0.201 points per year. Since no predictor variables are included in Model A, 

the model fit statistics offer a baseline comparison for subsequent models. There was a 

significant difference (χ2(3) = 268.0, p < .001) in model fit indicating that Model C is 

significantly better than Model A. 

 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for the grouping variable, in this case the males. In Model C, the significant intercept 
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parameter (γ00 = 0.99, t (373) = 7.25, p < .001) indicates that the average score for substance 

abuse for FIT males at age 10 prior to FIT referral is significantly greater than zero at 0.993. The 

significant parameter for gender (γ01 = -.50, t (1198) = -3.04, p = .002) indicates that FIT females 

have an intercept at age 10 prior to FIT that is significantly lower by 0.503 points than the 

intercept for FIT males. The significant age parameter (γ10 = 0.13, t (371) = 2.67, p = .008) 

indicates that the initial rate of change over time prior to initiation in the program is significantly 

different from zero, with an average increase of 0.134 points per year for FIT males. However, 

the Bonferroni correction requiring a p value less than .00625 indicates that this parameter is 

non-significant when adjusted for multiple comparisons. The non-significant gender by age 

parameter indicates that there is no difference between males and females in rate of change, 

meaning they both have the same rate of change (0.134 points per year) prior to FIT referral.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the non-significant parameter for FIT time indicates that there is no change (or 

difference) in substance abuse scores for FIT males at the time of referral to FIT. The non-

significant parameter for FIT time by gender indicates that there are no gender differences and 

that FIT females have no change in average scores at the time of FIT referral.  

 In relation to change over time among FIT participants after the initiation of FIT, the 

significant FIT time by age parameter (γ30 = 0.12, t (1198) = 2.80, p = .005) indicates that the 

rate of change after FIT initiation for males is significantly greater than the rate prior to FIT 

referral, with substance abuse scores for males increasing by an additional 0.122 points per year 

after referral to the FIT program, an average increase of 0.256 points per year after FIT. The 

significant FIT time by gender by age parameter (γ31 = -0.12, t (1198) = -3.14, p = .002) indicates 

that there is a significant difference between males and females in the adjustment to the rate of 
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change over time after FIT referral. With the differential for FIT females offsetting the increase 

after FIT referral (the FIT time by age parameter estimate), females have a significantly slower 

rate of increase at 0.139 points per year after referral to the FIT program, a change of only 0.005 

points per year for females after FIT.  

 Overall, FIT males and females had significantly different average scores at age 10 prior 

to FIT, but the rate of change prior to FIT was the same for both genders. There was no 

significant change or difference in average substance abuse scores for either gender at the time of 

FIT referral, however, males and females did differ significantly in their rate of change over time 

after FIT referral. The rate of increase for males was significantly greater after initiation in the 

FIT program than prior to FIT referral and significantly greater than the rate of increase for 

females after FIT referral.  

 Figure 11 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females for substance abuse both before and after the time of referral to the FIT 

program. The time of FIT initiation is illustrated at age 14 for all participants. The graph 

demonstrates how the males and females have significantly different average scores prior to FIT, 

identical rates of change prior to FIT referral, and no significant change for either gender at the 

time of FIT initiation. However, the rate of increase over time for FIT males is significantly 

greater than that of FIT females after referral to the FIT program. 
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Figure 11: Piecewise Model C graph for Substance Abuse by gender. 

FIT-M = FIT referred males, FIT-F = FIT referred females.  

 

Behavioral self-worth. The behavioral self-worth score is a measure of personal beliefs 

about one's own behavior. Scores range from zero to five, with an overall mean for the FIT 

referred group (n = 374) of 2.966 and a standard deviation of 0.849. Higher scores on the scale 

indicate a greater level of self-worth related to behavior. Table 27 presents the results of the 

piecewise growth curve models for behavioral self-worth.  

Table 27   

Piecewise Analysis Results for Behavioral Self-worth using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

Gender 

FIT-T 

FIT-T*Gender 

 

γ00 

γ10 

 

γ01 

γ20 

γ21 

 

2.657** (0.069) 

0.072** (0.013) 

 

 

2.745** (0.133) 

0.039 (0.044) 

 

0.229 (0.186) 

-0.364* (0.172) 

-0.078 (0.255) 

 

2.865** (0.061) 

 

 

 

-0.421** (0.1113) 
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Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

γ11 

γ30 

γ31 

-0.073 (0.063) 

0.062 (0.048) 

0.085 (0.068) 

 

0.092** (0.019) 

0.033* (0.015) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.249** (0.048) 

0.601** (0.121) 

0.009* (0.004) 

-0.033 (0.020) 

 

1.226** (0.047) 

0.643** (0.125) 

0.009* (0.004) 

-0.037 (0.020) 

 

 

1.227** (0.047) 

0.652** (0.125) 

0.009* (0.004) 

-0.038 (0.020) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

6706.9 

 

6532.8 

 

174.1* 

(6, 12.59) 

 

6534.7 

 

172.2* 

(2, 5.99) 

Note. FIT-T = Time (year) of referral to FIT.  

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time for all FIT program participants. The significant estimate for the 

intercept in Model A (γ00 = 2.66, t (373) = 38.49, p < .001) indicates that the average score for 

behavioral self-worth at age 10 for the FIT referred group is significantly different from zero 

with an overall average of 2.657. The significant age parameter (γ10 = 0.07, t (373) = 5.70, p < 

.001) indicates that the average change over time for behavioral self-worth is significantly 

different from zero, with an average increase of 0.072 points per year. Significant variance for 

the intercept and slope components in Model A indicates that unexplained variance remains. 

Since no predictor variables are included in Model A, the model fit statistics offer a baseline 

comparison for subsequent models. There was a significant difference (χ2(2) = 172.2, p < .001) 

in model fit indicating that Model C is significantly better than Model A. 

 In Model C the significant intercept parameter (γ00 = 2.86, t (373) = 46.86, p < .001) 

indicates that the average score for behavioral self-worth for FIT males at age 10 prior to FIT 
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referral is significantly greater than zero at 2.86. The non-significant parameter for gender 

indicates that there are no gender differences in intercept, meaning FIT females have the same 

average behavioral self-worth score as FIT males at age 10 prior to FIT referral. The non-

significant age parameter indicates that the initial rate of change over time prior to initiation in 

the program is not significantly different from zero, meaning there is no change over time for 

males prior to FIT referral. The non-significant gender by age parameter indicates there are no 

gender differences in rate of change, with both genders experiencing no change over time prior 

to FIT referral.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the significant parameter for FIT time (γ20 = -0.42, t (1239) = -3.72, p < .001) 

indicates that the average change (or difference) in behavioral self-worth scores for FIT males at 

the time of referral to FIT is significantly greater than zero, with the average score at the time of 

FIT referral being significantly lower than the average score prior to FIT initiation for FIT males. 

In this discontinuous model, the average score for FIT males at the time of referral decreases by 

0.421 points, meaning the average score for behavioral self-worth for FIT males at the time of 

FIT referral is 2.44. The non-significant parameter for FIT time by gender indicates that there 

were no gender differences in the change in scores at the time of FIT referral, with FIT females 

experiencing the same decrease of 0.421 in average scores at the time of FIT referral.  

 In relation to change over time among FIT participants after the initiation of FIT, the 

significant FIT time by age parameter (γ30 = 0.09, t (1239) = 4.80, p < .001) indicates that the 

rate of change after FIT initiation for males is significantly greater than the rate prior to FIT 

referral, with behavioral self-worth scores for males increasing by 0.092 points per year after 

referral to the FIT program. The significant FIT time by gender by age parameter (γ31 = 0.03, t 
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(1239) = 2.11, p = .035) indicates that there is a significant difference between males and 

females in the rate of increase over time after FIT referral, with behavioral self-worth scores for 

FIT females increasing by a significant 0.033 points more per year than males. Females, as 

compared to males, experience a significantly greater average increase of 0.124 points per year 

after referral to the FIT program.  

 Overall, FIT males and females had identical average scores at age 10 prior to FIT 

referral and identical rates of change equal to zero prior to FIT referral. There were also no 

gender differences in the average scores at the time of FIT referral, with both males and females 

having a significant reduction of 0.421 in average behavioral self-worth scores at the time of FIT 

referral. After FIT referral, both genders experienced an increase in behavioral self-worth scores 

as opposed to no change over time prior to FIT, and males and females did differ significantly in 

their rate of change over time after FIT referral, with females increasing at a significantly greater 

rate after FIT referral than did males.  

 Figure 12 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females for behavioral self-worth both before and after the time of referral to the 

FIT program. The time of FIT initiation is illustrated at age 14 for all participants. The graph 

demonstrates how the males and females have identical average scores prior to FIT and identical 

rates of change prior to FIT referral, as well as identical shifts in behavioral self-worth scores at 

the time of FIT referral. However, the rate of increase over time for FIT females is significantly 

greater than that of FIT males after referral to the FIT program. 
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Figure 12: Piecewise Model C graph for Behavioral Self-worth by gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  

 

Attitudes about personal violence. The attitudes about personal violence score is related 

to the inevitability or need for personal violence in response to conflict. Scores range from zero 

to four, with an overall mean for the FIT referred group (n = 374) of 1.918 and a standard 

deviation of 0.839. Higher scores on the scale indicate more favorable attitudes toward personal 

violence. Table 28 presents the results of the piecewise growth curve models for the dependent 

variable of attitudes about personal violence.  

Table 28  

Piecewise Results for Attitudes about Personal Violence using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

 

γ00 

γ10 

 

2.082** (0.066) 

-0.038* (0.013) 

 

2.17** (0.138) 

-0.019 (0.049) 

 

2.165** (0.057) 
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Gender 

FIT-T 

FIT-T*Gender 

Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

 

γ01 

γ20 

γ21 

γ11 

γ30 

γ31 

 

-0.493* (0.194) 

0.092 (0.190) 

0.304 (0.284) 

0.097 (0.069) 

-0.000 (0.053) 

-0.174* (0.077) 

 

-0.278* (0.094) 

 

 

 

 

-0.064** (0.015) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.677** (0.063) 

0.182* (0.105) 

0.000 (0.004) 

0.023 (0.019) 

 

1.668** (0.059) 

0.304* (0.048) 

-- 

-- 

 

1.665** (0.063) 

0.177* (0.107) 

0.001 (0.004) 

0.014 (0.020) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

7049.6 

 

6841.6 

 

208.0* 

(6, 12.59) 

 

6843.4 

 

206.2* 

(1, 3.84) 

Note. FIT-T = Time (year) of referral to FIT; -- Time variance and co-variance components 

could not be estimated. 

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for all FIT program participants. The significant estimate 

for the intercept in Model A (γ00 = 2.08, t (373) = 31.79, p < .001) indicates that the score for 

attitudes about personal violence at age 10 for the FIT referred group is significantly different 

from zero with an average score of 2.082. The significant age parameter (γ10 = -0.04, t (372) =  

-2.95, p = .003) indicates that the average change over time in attitudes about personal violence 

is significantly different from zero, with an average decrease of 0.038 points per year. Significant 

variance for the intercept component in Model A indicates that unexplained intercept variance 

remains. The non-significant variance component for time, however, indicates that there is little 

to no variability in change over time to be explained by the model. Since no predictor variables 

are included in Model A, the model fit statistics offer a baseline comparison for subsequent 
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models. There was a significant difference (χ2(1) = 206.0, p < .001) in model fit indicating that 

Model C is significantly better than Model A. 

 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for the grouping variable, in this case the males. In Model C, the significant intercept 

parameter (γ00 = 2.16, t (373) = 38.22, p < .001) indicates that the average score for attitudes 

about personal violence for FIT males at age 10 prior to FIT referral is significantly greater than 

zero at 2.165. The significant parameter for gender (γ01 = -0.28, t (1222) = -2.95, p = .003) 

indicates that FIT females have an intercept at age 10 prior to FIT that is significantly lower than 

that of the FIT males, with an average score of 1.886. The non-significant age parameter 

indicates that the initial rate of change over time prior to initiation in the program is not different 

from zero, and the non-significant age by gender parameter indicates there is no difference 

between males and females in rate of change, meaning they both have a rate of change no 

different from zero prior to FIT referral.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the non-significant parameter for FIT time indicates that the average change 

(or difference) in attitudes about personal violence scores for FIT males at the time of referral to 

FIT is not different than zero, with no change in the average score at the time of FIT initiation for 

FIT males. The non-significant parameter for FIT time by gender indicates that there are no 

gender differences in scores at the time of FIT referral, meaning FIT females experience the 

same lack of change in average scores at the time of FIT referral as do males.  

 In relation to change over time among FIT participants after the initiation of FIT, the non-

significant FIT time by age parameter indicates that the rate of change after FIT initiation for 

males is no greater than zero, with scores for attitudes about personal violence for males 
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remaining constant after referral to the FIT program. However, the significant FIT time by age 

by gender parameter (γ31 = -0.64, t (1222) = -4.41, p < .001) indicates that there were significant 

gender differences between males and females on the rate of change over time after FIT 

initiation, with attitudes about personal violence decreasing significantly over time by .064 

points per year for FIT females.  

 Overall, FIT females had consistently lower average scores than FIT males prior to FIT 

referral, with average scores staying consistent over time for both genders until after FIT referral. 

There were no changes in average scores at the time of FIT referral for either gender, but after 

referral to the FIT program, females experienced a significant decrease over time in their 

attitudes about personal violence. The rate of change for males remained consistent with the rate 

for males prior to FIT referral. 

 Figure 13 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females for attitudes about personal violence both before and after the time of 

referral to the FIT program. The time of FIT initiation is illustrated at age 14 for all participants. 

The graph demonstrates how the males and females had significantly different average scores but 

identical rates of change (equal to zero) prior to FIT referral. There were also no changes in 

average scores at the time of FIT referral for either gender. After referral to the program, females 

experienced a significant decrease over time in scores for attitudes about personal violence, 

while scores for males remained constant after referral to FIT.  
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Figure 13: Piecewise Model C graph for Attitudes about Personal Violence by gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  

 

Family curfew. The family curfew scale is a measure of the existence of rules about 

curfew restrictions during school nights and on the weekends. Scores range from zero to four, 

with an overall mean for the FIT referred group (n = 374) of 2.112 and a standard deviation of 

0.780. Higher scores on the scale indicate a greater level of rules about family curfew. Table 29 

presents the results of the piecewise growth curve models for the dependent measure of family 

curfew.  

Table 29  

Piecewise Analysis Results for Family Curfew using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

Gender 

 

γ00 

γ10 

 

γ01 

 

2.713** (0.070) 

-0.136** (0.013) 

 

 

 

2.622** (0.137) 

-0.112* (0.047) 

 

0.419* (0.192) 

 

2.653** (0.080) 

-0.115** (0.017) 

 

0.200* (0.078) 
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FIT-T 

FIT-T*Gender 

Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

γ20 

γ21 

γ11 

γ30 

γ31 

-0.311 (0.184) 

0.039 (0.273) 

-0.075 (0.066) 

0.030 (0.051) 

0.021 (0.073) 

-0.185* (0.083) 

 

 

 

 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

1.483** (0.056) 

0.482** (0.122) 

0.010* (0.005) 

-0.043* (0.021) 

 

1.475** (0.056) 

0.439** (0.121) 

0.009* (0.005) 

-0.040 (0.022) 

 

1.472** (0.056) 

0.465** (0.123) 

0.011* (0.005) 

-0.046* (0.022) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

6882.3 

 

6715.9 

 

166.4* 

(6, 12.59) 

 

6720.6 

 

161.7* 

(2, 5.99) 

Note. FIT-T = Time (year) of referral to FIT.  

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for all FIT program participants. The significant estimate 

for the intercept in Model A (γ00 = 2.71, t (373) = 38.69, p < .001) indicates that the score for 

family curfew at age 10 for the FIT referred group is significantly different from zero with an 

average score of 2.713. The significant age parameter (γ10 = -0.14, t (373) = -10.23, p < .001) 

indicates that the average change in family curfew scores over time is significantly different from 

zero, with an average decrease of 0.136 points per year. Significant variance components for 

intercept and time in Model A indicate that unexplained variance remains. Since no predictor 

variables are included in Model A, the model fit statistics offer a baseline comparison for 

subsequent models. There was a significant difference (χ2(2) = 161.7, p < .001) in model fit 

indicating that Model C is significantly better than Model A. 
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 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for the grouping variable, in this case the males. In Model C, the significant intercept 

parameter (γ00 = 2.65, t (373) = 33.18, p < .001) indicates that the average score for family 

curfew for FIT males at age 10 prior to FIT referral is significantly greater than zero with an 

average score of 2.653. The significant parameter for gender (γ01 = 0.20, t (1238) = 2.55, p = 

.011) indicates that FIT females have an intercept at age 10 prior to FIT that is significantly 

higher by 0.200 points, with the average intercept score for females being 2.852. However, the 

Bonferroni correction requiring a p value less than .00625 indicates that this parameter is non-

significant when adjusting for multiple comparisons. The significant age parameter (γ10 = -0.11, t 

(371) = -6.71, p < .001) indicates that the initial rate of change over time prior to FIT referral is 

significantly different from zero, with an average decrease of 0.115 points per year for FIT 

males. The non-significant age by gender parameter indicates there is no difference between 

males and females in rate of change prior to FIT referral, meaning that the rate of change 

decreases by 0.12 points per year for both genders prior to FIT referral.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the significant parameter for FIT time (γ20 = -0.18, t (1238) = -2.22, p = .026) 

indicates that the average change (or difference) in family curfew scores for FIT males at the 

time of referral to FIT is significantly different from zero, with the average score decreasing 

significantly by 0.185 points at the time of FIT initiation for FIT males, an average score of 

2.468. However, the Bonferroni correction requiring a p value less than .00625 indicates that this 

FIT by time parameter is non-significant when adjusting for multiple comparisons. The non-

significant parameter for FIT time by gender indicates that FIT females experience the same 
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decrease (0.18 points) in average scores at the time of FIT referral as do males, with the average 

family curfew score at the time of FIT referral for females being 2.668. 

 In relation to change over time among FIT participants after the initiation of FIT, the non-

significant FIT time by age parameter indicates that change in the rate of decrease after FIT 

initiation for males is no greater than zero, with the decrease in family curfew scores for males 

remaining consistent with the rate prior to FIT at 0.115 points per year after referral to the FIT 

program. The non-significant FIT time by age by gender parameter indicates that there was no 

gender difference between males or females on the rate of change over time after FIT initiation, 

meaning FIT females continued with the same rate of decline as males after FIT referral.  

 Overall, FIT females had consistently higher average scores on family curfew than FIT 

males, and both genders had the same rate of decrease in scores prior to FIT. There was no effect 

of gender at the time of FIT referral as both males and females experienced the same reduction in 

scores at the time of initiation of the FIT program. There was no effect of FIT on the rate of 

change after initiation of FIT for either gender, with decreases in family curfew scores remaining 

consistent across years.  

 Figure 14 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females both before and after the time of referral to the FIT program. The time of 

FIT initiation is illustrated at age 14 for all participants. The graph demonstrates how gender 

differences in intercepts and average scores remain consistent across years, with identical rates of 

change before and after FIT. Males and females also had identical decreases at the time of FIT 

referral. 
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Figure 14: Piecewise Model C graph for Family Curfew by gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  

 

Parental monitoring. The parental monitoring scale is a measure of adolescent self-

reports of parenting practices as an indicator of family functioning. Scores range from zero to 14, 

with an overall mean for the FIT referred group (n = 374) of 8.474 and a standard deviation of 

1.971. Higher scores on the scale indicate greater levels of parental monitoring. Table 30 

presents the results of the piecewise growth curve models for the dependent measure of parental 

monitoring.  

Table 30 

Piecewise Analysis Results for Parental Monitoring using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

Gender 

 

γ00 

γ10 

 

γ01 

 

9.228** (0.145) 

-0.177** (0.027) 

 

9.255** (0.278) 

-0.299* (0.096) 

 

1.105* (0.390) 

 

9.338** (0.227) 

-0.347** (0.067) 

 

0.937** (0.230) 
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FIT-T 

FIT-T*Gender 

Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

γ20 

γ21 

γ11 

γ30 

γ31 

-1.203* (0.366) 

0.046 (0.547) 

-0.096 (0.134) 

0.204* (0.102) 

0.161 (0.147) 

 

-1.198** (0.272) 

 

 

0.237* (0.076) 

0.103* (0.043) 

 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

5.548** (0.216) 

2.444** (0.547) 

0.045* (0.020) 

-0.062 (0.092) 

 

5.515** (0.217) 

2.281** (0.546) 

0.053* (0.021) 

-0.132 (0.096) 

 

5.515** (0.218) 

2.300** (0.547) 

0.052* (0.021) 

-0.131 (0.096) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

9413.3 

 

9170.3 

 

243.0* 

(6, 12.59) 

 

9171.0 

 

242.3* 

(4, 9.49) 

Note. FIT-T = Time (year) of referral to FIT.  

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time for all FIT program participants. The significant estimate for the 

intercept in Model A (γ00 = 9.23, t (373) = 63.64, p < .001) indicates that the score for parental 

monitoring at age 10 for the FIT referred group is significantly different from zero with an 

average score of 9.228. The significant age parameter (γ10 = -0.18, t (371) = -6.48, p < .001) 

indicates that the average change in parental monitoring scores over time is significantly 

different from zero, with an average decrease of 0.177 points per year. Significant variance for 

the intercept and slope components in Model A indicate that additional variance remains 

unexplained by the model. Since no predictor variables are included in Model A, the model fit 

statistics offer a baseline comparison for subsequent models. There was a significant difference 

(χ2(4) = 242.3, p < .001) in model fit indicating that Model C is significantly better than Model 

A. 
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 In Model C, the significant intercept parameter (γ00 = 9.34, t (373) = 41.15, p < .001) 

indicates that the average score for parental monitoring for FIT males at age 10 prior to FIT 

referral is significantly greater than zero with an average score of 9.338. The significant 

parameter for gender (γ01 = 0.94, t (1165) = 4.08, p < .001) indicates that FIT females have an 

intercept at age 10 prior to FIT that is significantly higher by 0.937 than the intercept for FIT 

males, with an average parental monitoring score of 10.275 for FIT females at age 10 prior to 

FIT referral. The significant age parameter (γ10 = -0.35, t (370) = -5.16, p < .001) indicates that 

the initial rate of change over time prior to initiation in the program is significantly different 

from zero, with an average decrease of 0.347 points per year for FIT males. The non-significant 

gender by age parameter indicates there is no difference between males and females in rate of 

change prior to FIT, meaning they both have the same rate of decrease (0.347 points per year) 

before FIT referral.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the significant parameter for FIT time (γ20 = -1.20, t (1165) = -4.40, p < .001) 

indicates that the average change (or difference) in parental monitoring scores for FIT males at 

the time of referral to FIT is significantly different from zero, with the average score decreasing 

significantly by 1.198 points at the time of FIT initiation for FIT males, bringing the average 

score at the time of referral for FIT males to 8.140. The non-significant parameter for FIT time 

by gender indicates that there are no gender differences in the change in average scores 

experienced at the time of FIT referral. FIT females experience an identical decrease (1.198 

points) in average scores at the time of FIT referral, with FIT females having an average parental 

monitoring score of 9.076 at the time of FIT referral.  
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 In relation to change over time among FIT participants after the initiation of FIT, the 

significant FIT time by age parameter (γ30 = 0.24, t (1165) = 3.12, p = .002) indicates that the 

rate of change after FIT initiation for males is significantly different than the rate of change prior 

to FIT referral, with parental monitoring scores for males decreasing at a significantly lesser rate 

of 0.111 points per year after referral to the FIT program, a difference of 0.237 points less per 

year after FIT. The significant FIT time by gender by age parameter (γ31 = -0.10, t (1165) = 2.41, 

p = .016) indicates that there is a significant difference between the rate of change after FIT 

referral for females as compared to males. The attenuated decrease experienced by males is 

further tempered by an additional .103 points, meaning the rate of decrease in parental 

monitoring after referral to FIT for females was reduced to an average of .008 points per year. 

However, the Bonferroni correction requiring a p value less than .00625 indicates that this 

parameter is non-significant when adjusting for multiple comparisons. 

 Overall, FIT males and females had significantly different average scores at age 10 prior 

to FIT, but an identical rate of decrease in parental monitoring over time prior to referral to the 

FIT program. There was no effect of gender at the time of FIT referral, with both males and 

females having the same significant reduction in average parental monitoring scores at the time 

of FIT referral. There was a significant effect of FIT on the rate of change after referral to the 

FIT program, with both genders experiencing a significant waning in the rate of decrease over 

time after FIT. There was also a significant gender effect on rate of change after FIT, with 

females experiencing a significantly greater reduction in the rate of decrease over time after 

referral to the FIT program. 

 Figure 15 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females both before and after the time of referral to the FIT program. The time of 
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FIT initiation is illustrated at age 14 for all participants. The graph demonstrates how the males 

and females have significantly different average scores prior to FIT and identical rates of change 

prior to FIT referral. While there is a significant reduction in scores at the time of FIT referral, 

the reduction is identical for both genders. However, the rate of change over time after FIT is not 

only significantly different than the rate of change prior to FIT,  but the slower rate of decrease 

after FIT is further abated by gender, with parental monitoring scores for females essentially 

leveling off after referral to the FIT program. 

 

Figure 15: Piecewise Model C graph for Parental Monitoring by gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females. 
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referred group of 3.368 (n =374) and a standard deviation of 2.463. Table 31 presents the results 

of the piecewise growth curve models for the dependent measure of school disciplinary referrals. 

Table 31 

Piecewise Results for School Disciplinary Referrals using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

Gender 

FIT-T 

FIT-T*Gender 

Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

 

γ00 

γ10 

 

γ01 

γ20 

γ21 

γ11 

γ30 

γ31 

 

3.319** (0.224) 

0.097* (0.045) 

 

 

 

1.463** (0.420) 

0.964** (0.142) 

 

-0.077 (0.591) 

4.700** 0.573) 

-1.053 (0.868) 

-0.504* (0.200) 

-1.294** (0.158) 

0.487* (0.229) 

 

1.432** (0.297) 

0.972** (0.118) 

 

 

4.300** (0.429) 

 

-0.523** (0.122) 

-1.228** (0.130) 

0.313* (0.125) 

Variance Components  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

14.124** (0.567) 

4.667** (1.170) 

0.062 (0.052) 

-0.328 (0.221) 

 

 

13.072** (0.538) 

5.282** (1.208) 

0.113* (0.055) 

-0.571* (0.234) 

 

13.085** (0.539) 

5.402** (1.213) 

0.117* (0.056) 

-0.596* (0.235) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

10210.9 

 

9835.3 

 

375.6* 

(6, 12.59) 

 

9837.7 

 

373.2* 

(4, 9.49) 

Note. FIT-T = Time (year) of referral to FIT.  

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time for all FIT program participants. The significant estimate for the 

intercept in Model A (γ00 = 3.32, t (373) = 14.82, p < .001) indicates that the number of school 

disciplinary referrals at age 10 for the FIT referred group is significantly different from zero with 

an average score of 3.319. The significant age parameter (γ10 = 0.10, t (371) = 2.14, p = .033) 
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indicates that the average change in the number of school disciplinary referrals over time is 

significantly different from zero, with an average increase of 0.097 days per year. Significant 

variance components for the intercept and slope in Model A indicate that unexplained variance 

remains. Since no predictor variables are included in Model A, the model fit statistics offer a 

baseline comparison for subsequent models. There was a significant difference (χ2(4) = 373.2, p 

< .001) in model fit indicating that Model C is significantly better than Model A. 

 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for the grouping variable, in this case the males. In Model C the significant intercept 

parameter (γ00 = 1.43, t (373) = 4.81, p < .001) indicates that the average number of school 

disciplinary referral days for FIT males at age 10 prior to FIT referral is significantly greater than 

zero at 1.432 days. The non-significant parameter for gender indicates that FIT females have the 

same average number of disciplinary days at age 10 prior to FIT as do FIT males. The significant 

age parameter (γ10 = 0.97, t (369) = 8.28, p < .001) indicates that the initial rate of change over 

time prior to initiation in the program is significantly different from zero, with an average 

increase of 0.972 days per year for FIT males. The significant gender by age parameter (γ11 = -

0.52, t (1016) = -4.28, p < .001) indicates a significant difference between FIT males and females 

in the rate of change prior to FIT referral. The rate of increase in the number of disciplinary days 

is attenuated by gender, with the rate for females being 0.523 days less per year than males, 

equating to an increase of 0.449 days per year for females as compared to an increase of 0.972 

days per year for males.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the significant parameter for FIT time (γ20 = 4.30, t (1016) = 10.02, p < .001) 

indicates that the average change (or difference) in the number of disciplinary referrals for FIT 
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males at the time of FIT initiation is significantly greater than zero, with the average number of 

days increasing by 4.300 days at the time of FIT initiation for FIT males. The non-significant 

parameter for FIT time by gender indicates that FIT females have the same significant increase 

of 4.300 days in the average number of school disciplinary referrals at the time of initiation in the 

FIT program.  

 In relation to change over time among FIT participants after the initiation of FIT, the 

significant FIT time by age parameter (γ30 = -1.23, t (1016) = -9.47, p < .001) indicates that the 

rate of change after FIT initiation is significantly different from the rate prior to FIT referral, 

with the rate of change in disciplinary referrals for males decreasing by 1.228 days per year after 

referral to the FIT program. This decrease equates to a trend reversal and a subsequent average 

decrease of 0.256 days per year after FIT for males. The significant FIT time by gender by age 

parameter (γ31 = 0.31, t (1016) = 2.51, p = .012) indicates that there is a significant difference 

between the rate of change for females after FIT referral as compared to males. While FIT 

females also experience a trend reversal in the rate of change after FIT referral (1.23 points less 

per year), the decrease is mitigated by the addition of 0.31 points per year, equating to an average 

decrease of .465 days per year for females after FIT referral. However, the Bonferroni correction 

requiring a p value less than .00625 indicates that this parameter is non-significant when 

adjusting for multiple comparisons. 

 Overall, FIT males and females had identical average scores at age 10 prior to FIT, but 

the rate of change over time prior to FIT was significantly different, with the number of 

disciplinary referral days increasing at a significantly greater rate for males than for females. 

There were no gender differences in the change in average number of disciplinary days at the 

time of FIT referral, but there was a significant but identical increase for both genders in the 
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number of disciplinary days at the time of FIT referral. There was also a significant difference in 

the rate of change for both genders after initiation into the FIT program, with disciplinary 

referrals decreasing over time, but significantly more so for females.  

 Figure 16 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females both before and after the time of referral to the FIT program. The time of 

FIT initiation is illustrated at age 14 for all participants. The graph demonstrates how FIT males 

and females have identical intercepts at age 10 prior to the FIT program, but have significantly 

different rates of increase prior to FIT. Both genders experience the same significant increase in 

disciplinary days at the time of FIT referral, and both also begin a downward trend in 

disciplinary days after FIT initiation, with females experiencing an greater rate of reduction in 

the number of school disciplinary referral days after referral to the FIT program. 

Figure 16: Piecewise Model C graph for School Disciplinary Referrals by gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females.  
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School absences. The measure for school absences is defined as the number of days 

during the school year for which an absence was recorded for each student. The variable is a 

continuous count variable with an overall average for the FIT referred group of 33.152 days (n = 

374) and a standard deviation of 16.563. Table 32 presents the results of the piecewise growth 

curve models for the dependent measure of school absences. 

Table 32  

Piecewise Analysis Results for School Absences using FIT Time and Gender 

 

Parameter 

 

Notation 

Model A 

Estimates (SE) 

Model B 

Estimates (SE) 

Model C 

Estimates (SE) 

 

Intercept 

Age 

  

Gender 

FIT-T 

FIT-T*Gender 

Gender*Age 

FIT-T*Age 

FIT-T*Gender*Age 

 

 

γ00 

γ10 

 

γ01 

γ20 

γ21 

γ11 

γ30 

γ31 

 

29.137** (1.487) 

1.090** (0.322) 

 

19.122**(2.810) 

4.948** (0.942) 

 

-1.246 (3.952) 

20.746** (3.778) 

3.768 (5.712) 

0.298 (1.329) 

-6.287** (1.035) 

-0.245 (1.505) 

 

18.49** (1.965) 

5.001** (0.662) 

 

 

22.310** (2.802) 

 

 

-6.174** (0.744) 

 

 

Variance Component  

Residual Variance 

Variance Intercept 

Variance Time 

Co-variance  

 

 

σ2
e 

σ2
0 

σ2
1 

σ01 

 

589.43** (24.461) 

223.02** (59.080) 

8.212* (2.764) 

-30.325* (11.722) 

 

 

542.11** (22.889) 

274.87** (62.042) 

10.497** (2.853) 

-41.654** (12.288) 

 

556.08** (23.091) 

256.16** (59.380) 

9.377** (2.737) 

-36.175* (11.667) 

Goodness of Fit 

Deviance (-2LL) 

Comparison Model 

Difference 

χ2 at p < .05  

(df, Critical Value)  

 

 

 

16993.8 

 

16474.5 

 

519.3* 

(6, 12.59) 

 

16922.5 

 

71.3* 

(2, 5.99) 

Note. FIT-T = Time (year) of referral to FIT.  

* p < .05; **p < .001 

 

 Model A, the unconditional growth model, estimates the average intercept at age 10 and 

the average change over time (slope) for all FIT program participants. The significant estimate 
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for the intercept in Model A (γ00 = 29.14, t (373) = 19.59, p < .001) indicates that the number of 

school absences at age 10 for the FIT referred group is significantly different from zero with an 

average of 29.137 days. The significant age parameter (γ10 = 1.09, t (371) = 3.38, p < .001) 

indicates that the average rate of change over time in the number of days absent from school is 

significantly different from zero, with an average increase of 1.090 days per year. Significant 

variance for the intercept and slope components in Model A indicate that unexplained variance 

remains. Since no predictor variables are included in Model A, the model fit statistics offer a 

baseline comparison for subsequent models. There was a significant difference (χ2(2) = 71.3, p < 

.001) in model fit indicating that Model C is significantly better than Model A. 

 The intercept and age parameter estimates in Model C correspond to the group with a 

zero value for the grouping variable, in this case the males. In Model C, the significant intercept 

parameter (γ00 = 18.49, t (373) = 9.41, p < .001) indicates that the average number of days absent 

for FIT males at age 10 prior to FIT referral is significantly greater than zero at 18.493 days. The 

non-significant parameter for gender indicates that FIT females have the same number of days 

absent as males (19.49) at age 10 prior to FIT referral. The significant age parameter (γ10 = 5.00, 

t (171) = 7.56, p < .001) indicates that the initial rate of change over time prior to initiation in the 

program is significantly different from zero, with an average increase in the number of days 

absent of 5.001 days per year prior to FIT referral. The non-significant age by gender parameter 

indicates there is no difference between males and females in rate of change, meaning both 

genders have the same rate of increase (5.001 days per year) over time prior to FIT referral.  

 In relation to the differences at the time of FIT referral (the discontinuous part of the 

piecewise model), the significant parameter for FIT time (γ20 = 22.31, t (1060) = 7.96, p < .001) 

indicates that the average change (or difference) in the number of days absent from school for 
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FIT males at the time of referral to FIT is significantly greater than zero and is significantly 

higher than the average number of days absent prior to the time of FIT initiation for FIT males. 

In this discontinuous model, the average score for FIT males at the time of referral is increased 

by 22.31 days, meaning the average number of absent days at the time of referral for FIT males 

is 40.80 days. The non-significant parameter for FIT time by gender indicates that FIT females 

experience the same increase of 22.31 as males in the number of days absent at the time of FIT 

initiation, resulting in the same average number of absences (40.80 days) at the time of FIT 

referral for FIT females.  

 In relation to change over time after the initiation of FIT, the significant FIT time by age 

parameter (γ30 = -6.17, t (1060) = -8.30, p < .001) indicates that the difference in the rate of 

change after FIT initiation for males is significantly different from zero and significantly lower 

than the rate of change prior to FIT, with the number of absent days for FIT males reversing 

trend and decreasing by 1.173 days per year after referral to the FIT program. The non-

significant FIT time by age by gender parameter indicates that there were no gender differences 

in the rate of change over time after FIT initiation. FIT females experienced the same trend 

reduction as males, changing from an increase of 5.001 days per year prior to FIT to a decrease 

of 1.173 days per year after FIT initiation. 

 Overall, there were no gender differences in the initial average days absent, the average 

rate of change over time prior to FIT, the change in average number of days absent at the time of 

FIT referral, or the rate of change in absences after the FIT program. Both males and females had 

the same intercept and significant rate of increase prior to FIT referral and the same significant 

change in the average number of days absent at the time of FIT referral. Both genders also had 
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the same trend reversal in the rate of change after initiation of FIT, with the number of days 

absent decreasing significantly at the same rate for both genders. 

 Figure 17 provides a visual illustration of the trajectory comparisons between the FIT 

males and FIT females both before and after the time of referral to the FIT program. The time of 

FIT initiation is illustrated at age 14 for all participants. The graph demonstrates how the males 

and females have identical intercepts, rates of increase before FIT, identical increases at the time 

of FIT referral, and identical rates of decrease after FIT initiation. 

Figure 17: Piecewise Model C graph for School Absences by gender.  

FIT-M = FIT referred males, FIT-F = FIT referred females. 
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Table 33 

Summary of Significant Results 

 
Variable 

Research Question 1 
Normative Peer Comparisons 

Research Question 3 
Before and After FIT Comparisons 

Weapon 
Brandishing 

 Significant intercept with increasing rate 
of change over time. 

 Females had lower intercepts than 
males. 

 FIT groups had higher intercepts than 
the non-FIT groups. 

 FIT females had lower intercepts than 
FIT males. 

 Females had a slower increase over time 
than males. 

 Significant intercept only. 

 Females had a lower intercepts than 
males. 

 Increase in average scores at time of 
FIT initiation. 

 

 
Substance 
Abuse 

 

 Significant intercept with increasing rate 
of change over time. 

 FIT groups had higher intercepts than 
the non-FIT groups. 

 FIT females had a lower intercept than 
FIT males. 

 Females had a slower rate of increase 
than males. 

 

 Significant intercept with increasing 
rate of change over time prior to FIT 
initiation. 

 Females had lower intercepts than 
males. 

 After initiation, scores increased at a 
faster rate over time for males. 

 The rate of increase for females after 
initiation was slower than the rate for 
males. 

 
Behavioral 
Self-worth 

 

 Significant intercept with increasing rate 
of change over time. 

 Females had higher intercepts than 
males. 

 FIT groups had lower intercepts than 
non-FIT groups. 

 Females had a greater rate of increase 
over time than males. 

 

 Significant intercept only. 

 Decrease in average scores at time of 
FIT initiation. 

 Increase in rate of change over time 
after FIT initiation. 

 Females increased at a faster rate than 
males after FIT initiation. 

 
Attitudes 
about 
Personal 
Violence 

 

 Significant intercept with increasing rate 
of change over time. 

 Females had lower intercepts than 
males. 

 The rate of increase for females was less 
than that of males, with essentially no 
increase over time for non-FIT females. 

 FIT females had a decrease in the rate of 
change over time. 
 

 

 Significant intercept only. 

 Females had a lower intercept than 
males. 

 Females had a decrease in rate of 
change over time after FIT initiation. 
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Family 
Curfew 

 

 Significant intercept with a decrease in 
rate of change over time. 

 Females had a higher intercept than 
males. 

 

 Significant intercept with decreasing 
rate of change over time prior to FIT 
initiation. 

 Females had higher intercepts than 
males. 

 Decrease in average scores at the time 
of FIT initiation. 

 
Parental 
Monitoring 

 

 Significant intercept with decreasing rate 
of change over time. 

 FIT groups had lower intercepts than 
non-FIT groups. 

 Females had higher intercepts than 
males. 

 FIT females had higher intercepts than 
FIT males. 

 Females had a slower rate of decrease 
over time than males. 

 

 Significant intercept with decreasing 
rate of change over time prior to FIT 
initiation. 

 Females had higher intercepts than 
males. 

 Decrease in average scores at the time 
of FIT initiation. 

 Rate of decrease lessened after FIT 
initiation. 

 The lessening of the rate of decrease 
after FIT initiation was greater for 
females than for males. 

 
School 
Absences 

 

 Significant intercept with increase in rate 
of change over time. 

 FIT groups had higher intercepts than 
non-FIT groups. 

 FIT groups had a slower increase in rate 
of change over time. 

 

 Significant intercept with increasing 
rate of change over time. 

 Increase in average scores at the time 
of FIT initiation. 

 Decrease in rate of change over time 
after FIT initiation. 

 
School 
Discipline 
Referrals 

 

 Significant intercept with increasing rate 
of change over time. 

 FIT groups had higher intercepts than 
non-FIT groups. 

 Females had lower intercepts than 
males. 

 FIT groups had a slower rate of increase 
over time than non-FIT groups. 

 

 Significant intercept with increasing 
rate of change over time prior to FIT 
initiation. 

 Females increased at a slower rate than 
males prior to FIT initiation. 

 Increase in average scores at the time 
of FIT initiation. 

 Decrease in rate of change over time 
after FIT initiation. 

 Females had greater rate of decrease 
after FIT initiation than males.  
 

Note. Research Question 2 results for services group comparisons revealed no significant 

differences between groups on either the intercept or on change over time. Gender differences 

were not examined for Research Question 2. 
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Summary 

 

 This chapter has presented the results of three sets of longitudinal growth curve models 

examining eight different outcome measures related to potential risk factors for juvenile 

delinquency which are targeted by a juvenile justice intervention program. These analyses have 

been conducted and presented as longitudinal options within a framework for enhancing 

quantitative analysis in program evaluation. In addition to these methods, this framework 

includes the use of multiple sources of secondary data to examine a variety of outcome measures 

in order to gain a broader understanding of youth behavior from an ecological perspective. As 

demonstrated herein, a variety of perspectives and comparisons can be incorporated in these 

longitudinal analyses as enhanced aspects of quantitative elements of evaluation. Using these 

methods coupled with an ecological approach with various sources of data, evaluation 

researchers can greatly expand the understanding of programmatic impact well beyond a single 

source or element of data such as delinquency. 

 The following chapter presents a discussion of these findings in more detail – pointing to 

some of the possible conclusions related to evaluation of the FIT program example. These 

methods and their results will also be reviewed in relation to the current literature and published 

studies of juvenile diversion evaluation. Chapter V will conclude with a discussion of the 

limitations of the study and the potential contributions of this research to the literature and to the 

potential use of this framework for longitudinal analysis in evaluation.  
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CHAPTER V: DISCUSSION AND IMPLICATIONS 

Discussion 

 The purpose of this study was to expand the knowledge and understanding gained from 

evaluation of juvenile diversion programs by enhancing the quantitative methodology available 

for the field.  To answer the three research questions (re-expressed below), three longitudinal 

analysis techniques, along with an ecological approach to data collection and outcome 

measurement, are presented as a framework for enhancing the quantitative information gleaned 

from program evaluation beyond what has been reported in the past.  

Research Question 1 sought to examine differences between program referred youths and 

similar peers from the same neighborhoods (with similar demographic characteristics) on  

developmental trajectories of delinquency related factors, including individual-, family-, and 

school-level outcomes. Differences between males and females were also examined both within 

and between the program and non-program groups. The models used to answer this research 

question are called the normative peer comparison models due to the use of non-program peers 

as natural controls. Research Question 2 sought to compare outcomes over time between 

program-referred individuals who received little or no services with those who received some 

level of services beyond an initial contact. These comparisons, called services group comparison 

models, provide examples similar to experimental and quasi-experimental designs, testing 

program effects of program participants versus similarly eligible controls. Research Question 3 

sought to compare growth trajectories among program participants prior to initiation or referral 

to the program with trajectories after initiation. These models, called discontinuous piecewise 
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models, illustrate the progression of the outcome variables prior to the program, along with 

changes that occur at the time of initiation, and then the progression of the outcome thereafter 

illustrating the effect of program participation on change over time after program initiation. In 

these models, as with the FIT referred group included in the normative peer comparison models, 

all youths referred to the program are included in the analysis regardless of the availability of 

services data, and gender is included to examine differences between males and females. 

In this chapter, the results of these analyses will be discussed in relation to similar results 

obtained in previous diversion evaluation studies and in terms of the methodological 

improvements offered by this framework. Because most of the diversion evaluation studies 

reviewed for this research used an experimental or quasi-experimental design to compare 

outcomes of a treatment group to a similar 'control' group, the results of Research Question 2 

(services group comparison models) will be examined first as these analyses reflect similar 

questions addressed by previous studies. Subsequently the results that compare program referred 

youths to similar peers with the same demographic characteristics (the normative peer 

comparison models; Research Question 1) will be presented followed by the results for Research 

Question 3 using the discontinuous piecewise models which examine change before, at the time 

of, and after program initiation. This order will help demonstrate the added value of 

incorporating these additional strategies in longitudinal analysis beyond treatment and control 

group comparisons and more importantly will show the methodological improvements made 

over previous evaluation studies of diversion programming. These comparisons lead to a number 

of conclusions and potential implications for use of the proposed framework both within and 

beyond juvenile diversion evaluations. Recommendations for further use and improvement of 
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this framework and its various methods are provided along with limitations of the study and 

strategies for future research. 

Behavioral Outcomes 

Weapon brandishing. When comparing youths who received FIT services beyond the 

initial contact to those who received only the initial contact or less (services group comparisons 

for the subsample of FIT participants who had case records revealing the level of services 

received), results indicated a significant increase in the slope parameter, meaning weapon 

brandishing increased as the youths got older. However, there was no significant difference 

between the services and no services groups, meaning there was no program effect or difference 

related to the level of services received. Weapon brandishing rates over time were no different 

for those who received a greater level of services. Gender differences were not examined in the 

services group comparisons so male and female trajectories are averaged together in these 

results.  

When comparing the FIT referred youths to similar peers with the same demographic 

characteristics who were not referred to the program (the normative peer comparison model), the 

results for weapon brandishing revealed both gender and FIT related differences. Both FIT 

program effects and gender effects were detected for the intercepts, with FIT participants having 

significantly greater average scores at age 10 than non-FIT peers and males having significantly 

higher scores than females. In addition, the difference in scores between FIT and non-FIT males 

is also significantly greater than the difference between the two groups of females. The rate of 

change over time was identical for FIT and non-FIT males and was identical for FIT and non-

FIT females. However, significant gender differences were found in the rates of change over 

time with females having a significantly slower rate of increase than males. It appears from these 
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results that while the FIT program successfully identified youths with higher average scores in 

weapon brandishing, the program did not have an effect on change over time for either gender. 

Somewhat in contrast with these results, the discontinuous piecewise model which 

examines the average scores and trajectories prior to, at the time of, and after referral to the 

program among the FIT referred group indicated no significant change over time either before or 

after initiation into the FIT program. While average scores at age 10 were significantly higher for 

FIT males as compared to FIT females, no gender differences in trajectories were detected by 

this model. In this discontinuous model (discontinuous because it allows for change in the 

intercept estimate based on the time-varying predictor of FIT referral) the average scores at the 

time of program initiation increased significantly and identically for both genders. Significant 

increases at the time of referral would be expected given that the individual got caught in a 

delinquent act, potentially signifying increased delinquent activity at the time of referral. For this 

outcome, the normative peer comparison results may be more reflective of average behavior over 

time. The event related increase detected in the piecewise model occurs for each individual at the 

age of initiation, so these increases are included in averages across time. Overall trends may be 

better reflected in the average change over time demonstrated in the normative peer comparison 

model. Nevertheless, results indicated that the FIT program did not have an impact on 

development of weapon brandishing for either males or females who were referred to the 

program. 

Appendix C offers a look at the discontinuous (before and after) trajectories of the FIT 

participants in comparison to the linear trajectories of the non-FIT peer group. This comparison 

is useful because it reflects what occurred among the FIT participants in contrast to what their 

normative peers experienced in terms of trends over time. For weapon brandishing, as illustrated 
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in Figure C.1, the normative trends indicate a gradual increase in scores over time. While the 

significant increase at the time of FIT initiation signifies the increase in delinquency occurring at 

the time of FIT referral, the trend after FIT initiation does not continue in the same increasing 

manner. When combining these models and comparing overall trends, the understanding is 

expanded further and an alternative interpretation is possible. Based on these comparisons, one 

might conclude that the FIT program did have an impact after initiation, as the average scores 

over time level off rather than continuing on an upward trend as experienced by the non-FIT 

peers. 

Although weapon brandishing was not included as a specific measure among the 

diversion evaluation studies reviewed for this research, several studies did test program effects 

on violence-related measures such as crimes against persons, assaults, and violent felonies (Aos, 

2004; Carney & Buttell, 2003; Dembo et al., 2000; Lane et al., 2007). Evaluation results for 

these behaviors are consistent with those found for weapon brandishing. Of the studies with 

similar measures, only one by Carney and Buttell found significant improvements in assaultive 

behaviors (as reported by parents) between wraparound services participants and comparison 

youths receiving conventional court services. Similarly Lane et al. found significant differences 

between treatment and control groups on self-reports of violent behavior. Interestingly, neither 

study found significant differences in arrests or recidivism during the follow-up period. Among 

the four studies cited above measuring violence related behavior or arrests, none found 

significant differences between treatment and control groups when using official records alone. 

However, Carney and Buttell and Lane et al. found significant differences between treatment and 

control groups when using self-reported outcome measures for violent behavior. But even these 

results are mixed in terms of program effectiveness, as the experimental group participants in the 
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Lane et al. study were significantly more likely to report having committed a violent crime than 

those in the control group.       

Although the current results for weapons brandishing are relatively consistent with other 

studies examining program impact on a similar outcome, the methods used to identify significant 

program effects are quite different. Two of the four studies used logistic regression with group 

membership as a predictor (along with other control variables) of the occurrence of violence-

related charges or self-reported violent behavior during the follow-up period (Aos, 2004; Dembo 

et al., 2000). Carney and Buttell (2003) used χ2 tests to compare groups on the dichotomous 

outcome measure of self-reported assaultive behavior, while Lane et al. (2007) used t tests to 

detect program related differences. These methods reveal only whether being in one group or the 

other is predictive of a particular dichotomous outcome – whether the participants did or did not 

commit an offense, for example.  

Furthermore, studies that used official records of recidivism in essence eliminated the 

effect of time by considering any occurrence during the follow-up period as a single 

dichotomous response regardless of when or how many time the event occurred. While two 

studies revealed differences between self-report information and official records data, none of 

these studies revealed information about change over time or differences between males and 

females. In addition, all of these studies used a comparison group similar to the services group 

comparisons in this study, comparing a "treatment" group to a group receiving either services as 

usual or some less intensive program rather than comparing outcomes of similar peers who had 

no (or unknown) involvement with the justice system. Including natural controls, as the current 

study demonstrates with the normative peer comparisons, can shed light on maturation effects (or 

control for maturation bias) and whether programs steer participants toward normative pathways.  
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Substance abuse. Results for the behavior measure of substance abuse are similar to 

those for weapon brandishing. When comparing the subsample of FIT participants with services 

data to determine if those who received a higher level of services abused substances less, no 

significant differences were detected in either the intercept or in the rate of change over time. 

Results of these services group comparisons, which are similar to prior studies of a treatment 

versus control or a services-as-usual condition, indicated significant increases over time for this 

subsample, but the rate of increase was identical for both services and non-services groups. 

Again, gender differences were not included in this model, so male and female intercepts and 

slopes are averaged together, potentially masking any differences based on gender. As with the 

weapon brandishing behavior, gender differences emerge and more information is gained when 

gender is added to the model and similar (or normative) peers serve as natural controls. 

When comparing FIT referred youths to similar peers who were not referred to the 

program, results for the behavioral outcome of substance abuse are again similar to those found 

for weapon brandishing. The normative peer group comparisons revealed identical rates of 

change over time for FIT and non-FIT males, as well as identical trajectories for FIT and non-

FIT females. While initial substance abuse scores were significantly higher for FIT participants 

of both genders, and the difference in average scores was again greater between FIT and non-FIT 

males than the difference between the two groups of females, development over time was 

consistent with non-FIT peers across years. The rate of increase for males was also significantly 

greater than the rate of increase for females. These results appear to indicate that the FIT 

program did not have an impact on development of substance abuse for either males or females 

who were referred to the program. However, when the pre- and post-program trajectories are 

examined, the program seems to have some differential effect based on gender. 
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Results for the discontinuous piecewise analysis for substance abuse, comparing 

trajectories prior to referral to the program with trajectories after referral to the program, reveal a 

potentially interesting difference. Consistent with the normative peer comparisons, the piecewise 

results for substance abuse indicated that males start out with a significantly higher average score 

at age 10 than females do, but the increase in substance abuse over time was identical between 

genders prior to program initiation. While no significant increase or decrease occurred at the 

time of FIT referral for either gender, the rate of increase in substance abuse for males was 

significantly greater than the rate of increase for females after initiation of the program. For 

males, the rate of increase accelerated after FIT initiation, but the rate of increase for females 

stayed consistent with the rate prior to FIT referral. This result could be viewed in two ways – 

either the program had a tempering effect on substance abuse among females, or the program 

facilitated the increase in substance abuse among males. However, when considering the results 

of the normative comparison model for FIT participants, one conclusion might be that 

delinquency facilitates substance use for males (or visa-versa) but does not do so for females. 

This result demonstrates the utility of combining these models for a more complete picture of 

potential effects. When the discontinuous models are further compared to the trends of normative 

peers, even more understanding is gained.  

Appendix C offers a look at the discontinuous (before and after) trajectories of the FIT 

participants in comparison to the linear trajectories of the non-FIT peer group. This comparison 

illustrated in Figure C.2, shows interesting differences between males and females in substance 

abuse trajectories. It appears that the trends for females are similar and consistent over time. 

Although FIT females do start out at a higher rate than non-FIT females, their increase over time 

is slightly slower and conforms in the later years with the normative increase over time. 
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However, for FIT males, the trend prior to FIT is consistent with the rate for females, but the FIT 

males start out at a much higher level. After FIT initiation for males, the rate of change increases 

but also conforms to the rate of change for normative peers. A possible interpretation with these 

comparisons is that FIT did have an impact on substance abuse among males, given the 

differences prior to FIT and the similarities in trends after initiation for FIT males.  

Substance abuse has been studied much more extensively than weapon brandishing, both 

as a predictor of delinquency (e.g. Dembo et al., 2008; Wiesner & Windle, 2004) and as an 

outcome measure (e.g. Dembo et al., 2000; Stickle et al., 2008). Previous results regarding the 

impact of diversion programming on substance use are again somewhat consistent with the 

results herein.  For example, Dembo et al. (2000) found positive program results in self-reported 

frequency of getting very high or drunk on alcohol between experimental and control groups, 

with the experimental services group reporting getting very high or drunk significantly less often 

than the alternative services group. In contrast, Lane et al. (2007) found no significant 

differences between treatment and control groups on their substance use outcome measure, while 

Stickle et al. (2008) reported a significantly higher frequency of substance use among the 

experimental group as compared to the control group.  Again, none of these studies tested gender 

differences, which could in effect hide differential changes or program effects as detected in the 

current study.  

Many of the same methodological comparisons as mentioned above can be made here. 

One key difference, however, is the lack of official records for substance use, making self-report 

the primary or potentially only option for this outcome other than clinical urine or hair sample 

collection. While substance abuse has been repeatedly associated with delinquency (Dembo et 

al., 2008; Models for Change, 2012; Wiesner & Windle, 2004), results are mixed in terms of 
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whether diversion programs are actually able to make significant changes in substance abuse 

among program participants. The ability to compare the normative trajectories with 

discontinuous models that offer baseline information could help tease out group differences and 

program effects, particularly in terms of the timing of program implementation. In this case it 

appears that the significant increase in the rate of change over time for males possibly 

corresponds with the time of increase delinquent activity overall, but delinquent activity does not 

appear to impact substance abuse for females in the same way. Given the previously established 

strong connection between substance abuse and delinquency, further investigation about the 

impact of justice involvement on substance abuse is clearly warranted. 

Psychosocial Outcomes  

Behavioral self-worth. Results for the services group comparison, which compares a 

subsample of FIT participants who had case records indicating the level of services received 

(either more than the initial contact versus only initial contact or less), were consistent with other 

models demonstrating these same comparisons. No significant group effects were detected for 

the level of services received either on the intercept or on the slope. For the measure of 

behavioral self-worth, both services groups experienced a significant but identical increase over 

time. Again, no gender differences were examined in the services group comparison models due 

to small sample sizes. When the analysis is expanded to include gender and the comparison of 

FIT participants with non-FIT peers, a more informative picture emerges.   

 Similar to the normative peer comparisons (or treatment versus natural control group 

comparisons) of behavioral outcomes, the model comparing FIT referred youths to similar non-

referred youths for the psychosocial measure of behavioral self-worth indicated no significant 

effect of the FIT program on change over time for either gender. Average behavioral self-worth 
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scores at age 10 for FIT participants were significantly lower than those of non-FIT participants, 

with the difference between FIT and non-FIT females being greater than the difference between 

FIT and non-FIT males. Non-FIT females had the highest average behavioral self-worth scores at 

age 10 and consistently over time, while FIT females had the lowest average scores at age 10. 

However, due to the significantly greater increase over time for females as compared to males, 

the average scores for FIT females eventually match and surpass the behavioral self-worth scores 

for FIT males at later ages. While growth trajectories increased slightly but significantly across 

time for both groups, gender had a significant effect on rate of change over time, with the rate of 

increase for females being greater than the rate of increase for males. When the outcome is 

examined with just the FIT group before and after program initiation, a slightly different picture 

emerges.   

The discontinuous model that examines trajectories prior to program referral with those 

after appears to indicate programmatic effects not seen in the normative peer comparison model. 

For the psychosocial measure of behavioral self-worth, results showed a slight but significant 

differential effect on change over time for males versus females after program initiation. Average 

behavioral self-worth scores are identical for males and females and stable across time until 

program initiation. Average scores for both genders decrease significantly at the time of referral, 

but after referral to the program scores begin to increase steadily over time. However, the rate of 

increase over time after program initiation is greater for females than for males indicating a 

potentially greater impact of the program on behavioral self-worth for females. Although the 

normative comparison model indicates consistent growth over time for both FIT and non-FIT 

groups, the lack of increase prior to the program, as indicated by the discontinuous piecewise 

model, may reflect an overall positive impact of FIT participation which only occurs after 



202 
 

participation in the program. As mentioned previously, the piecewise models add detail to the 

analysis that is sometimes lost through averages across time. Using both or all three strategies 

together can greatly improve upon the understanding gained by treatment versus control group 

comparisons. This expansion of understanding is further demonstrated with an additional 

comparison of the results from both models. 

Appendix C offers a look at the discontinuous (before and after) trajectories of the FIT 

participants in comparison to the linear trajectories of the non-FIT peer group. The comparison 

corresponding to behavioral self-worth, Figure C.3, shows that all youths start out at age 10 with 

similar average scores, but prior to program initiation, FIT participants were stable over time in 

comparison to the slight increase experienced by the non-FIT groups. The significant decrease in 

average scores for FIT participants at the time of program initiation, and presumably increased 

delinquent behavior, reveals a more marked difference between the FIT and non-FIT groups 

when delinquency comes into play. This is expected, as we would assume the referral to FIT may 

have a negative impact on behavioral self-worth. However, the trend for FIT participants after 

FIT initiation conformed to the positive direction similar to the trend for non-FIT peers. In 

addition, since females in the normative group increased at a slightly greater rate than males, it is 

difficult to attribute the greater gain for females to the FIT program. These comparisons seem to 

indicate that while delinquency had an impact on self-worth, the program did not provoke an 

actual change in the direction of self-worth growth nor an increase in the self-worth over time 

beyond what would have naturally occurred. On the other hand, a different interpretation, with 

the assumption that self-worth would continue to decrease over time for delinquent youth 

without the FIT program, might lead to a conclusion that the FIT program did in fact impact 

participants by preventing further decline and prompting an adaptation to the normative trend.   
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Multiple studies have associated psychological and personal adjustment factors such as 

depressive symptoms, anxiety, self-concept, and general emotional or psychological functioning 

with adolescent delinquency (Dembo et al., 2008; Dembo et al., 2006; Guerra & Williams, 2012; 

Wiesner & Windle, 2004). However, as with other non-recidivism measures, these factors are 

seldom included in evaluation studies of diversion programs. One example is a study by Stickle 

et al. (2008) in which teen court participants were compared to a control group receiving 

traditional services. Group differences were examined on a number of post-test psychosocial 

scale measures including positive sense of self, which did not reach statistical significance. 

Similarly, Dembo et al. (2000) included a global measure of emotional and psychological 

functioning at follow-up interviews, but found no significant effect of experimental versus 

control group assignment on this outcome. In contrast to these two studies, Hodges et al. (2011) 

found significant differences between entry and exit assessments on a measure of depression and 

anxiety among treatment youth. However, this evaluation was focused only on program 

participants with no control group comparison.  

As Mulvey et al., (1993) points out, it is important to tie risk factors, program elements, 

and outcome measures together in order to not only have an impact on the desired risk factors, 

but also to ensure evaluation of the intended effects of the program. Although the theoretical 

underpinnings of the FIT program include individual-, family-, and school-level factors, very 

few program activities focused on psychosocial or emotional functioning. Similarly, the elements 

of the teen court program examined by Stickle et al. (2008) may not have included elements 

meant to address psychological functioning. Guerra and Williams (2012) recommend including 

positive sense of self as one of several core competencies for juvenile justice interventions that 

include cognitive-behavioral elements. Unfortunately, this measure may be hard to gauge 
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effectively as an outcome related to diversion programming as some studies show a link between 

delinquent behavior and increases in self-worth among adolescents (Kaplan, 1978; Shapka & 

Keating, 2005). Methodological issues for psychosocial measures are similar to those affecting 

attitude measures as discussed below.   

Attitudes about personal violence. When comparing youths who received FIT services 

beyond the initial contact to those who received only the initial contact or less, results indicated 

that on average there was no significant change over time in attitudes about the need for or 

inevitability of personal violence. In addition, there was no significant difference between the 

services and no services groups, meaning there was no program effect or difference related to the 

level of services received. Attitudes about personal violence did not increase or decrease over 

time and there were no differences for those who received a greater level of services. Gender 

differences were not examined in the services group comparisons, so male and female 

trajectories are averaged together in these results. Based on these results, it appears that attitudes 

about violence for this subset of FIT participants are static over time. However, if the analysis 

stopped here the conclusions would be erroneous. A much different conclusion is drawn from the 

other two model examples.  

 When comparing the FIT referred group to similar peers in the normative peer 

comparison model, results for the outcome of attitudes about personal violence indicated 

significant effects of the FIT program on change over time, but only for females. This model 

offers the first evidence of programmatic effects using the normative peer comparison strategy, 

with FIT females actually exceeding similar female peers in the rate of reduction over time in 

attitudes about personal violence. FIT and non-FIT males had identical average scores at age 10, 

which were significantly greater than average scores for FIT and non-FIT females, who also had 
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identical intercepts. While results indicated that FIT and non-FIT males had the same slight but 

significant increase in attitudes about personal violence over time, the results for females 

indicated a slight but significant decrease in average scores over time. However, the rate of 

decrease over time for FIT females was significantly greater compared to non-FIT female peers, 

meaning the FIT program had a significant effect on females, but not on males. 

 The discontinuous model results examining baseline trajectories, changes at the time of 

program referral, and trajectories after program initiation indicated no change over time in 

attitudes about personal violence, but a differential effect for males and females after program 

initiation. Program effects were revealed by the results of the normative peer comparison model 

for attitudes about personal violence indicating that favorable attitudes about violence decreased 

more rapidly for FIT females as compared to non-FIT females, with no program effects indicated 

for males. The discontinuous model results for this outcome support these findings, but only in 

relation to trajectories for females after program initiation. Average scores at age 10 were 

significantly higher for males than females, with no increase or decrease for either gender prior 

to program referral. There were no significant changes at the time of program referral for either 

gender, but scores for attitudes about the need for or inevitability of personal violence began to 

decrease significantly for females after program initiation. Attitude scores for males stayed 

consistent over time both before and after program referral.  

This program effect for females was further confirmed with the illustration provided by 

Figure C.4 in Appendix C which compares the discontinuous (before and after) trajectories of the 

FIT participants to the linear normative peer trajectories for the non-FIT groups. Development 

for males was fairly similar over time, whereas development for females was only consistent 

until FIT initiation. After FIT initiation, the trend in attitudes about personal violence for FIT 
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females decreased over time, while the trend for non-FIT females peers remains somewhat 

constant over time and similar to the trend for males. Interestingly, although very slight and 

potentially not significant, the trend for FIT males decreased slightly over time while the trend 

for non-FIT males increases slightly over time. This difference could be associated with 

participation in FIT.  

For this measure it appears that FIT was effective at improving attitudes about the need 

for or inevitability of personal violence, but only among females. These results point to a need to 

examine attitudes about violence and delinquency among adolescents more closely. The absence 

of evaluation studies that include attitude measures, along with the absence of studies that 

include examination of gender differences, makes the results for the measure of attitudes about 

personal violence interesting and compelling in terms of future research. 

As mentioned previously in relation to behavioral self-worth, ample studies have 

associated psychological and personal adjustment factors such as depressive symptoms, anxiety, 

self-concept, and general emotional or psychological functioning with adolescent delinquency 

(Dembo et al., 2008; Dembo et al., 2006; Guerra & Williams, 2012; Wiesner & Windle, 2004), 

but few include these factors in evaluation studies of diversion programming. Attitude measures 

seem even scarcer, despite research identifying social-cognitive foundations of delinquency 

including, among others, moral systems of belief and self-control (Guerra & Williams, 2012). 

Furthermore, with the extent to which delinquent behavior and violence are associated with 

reactive and angry responding (Caspi, Henry, McGee, Moffitt, & Silva, 1995), the relative 

absence of measures similar to the attitudes about personal violence used in this research is 

concerning.  
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While assaultive behavior, as measured by Carney & Buttell (2003) may be indicative of 

attitudes about personal violence, only two studies reviewed for this research included actual 

attitude scales and only one study included scale measures related to violence. For example, 

Stickle et al. (2008) included attitudinal measures of social skills, rebelliousness, neighborhood 

attachment, and belief in conventional rules in addition to positive self-concept as discussed 

earlier. These measures were collected only after participation in an experimental teen court or 

traditional services control condition, and no significant differences were found on any of the 

scale measures, although belief in conventional rules did approach significance at the 0.10 alpha 

level. Unfortunately, the treatment group scored lower on the scale than the control group. More 

directly comparable to attitudes about personal violence is a subscale used by Dembo et al. 

(2000) as part of an overall emotional/psychosocial functioning measure. One of nine symptom 

dimensions, the hostility subscale (Derogatis, 1983 as cited by Dembo et al., 2000) includes 

items about thoughts, feelings, or actions that represent a negative affect state of anger. Although 

no significant effect of group assignment was found on the overall emotional/psychosocial 

functioning measure, the study did not examine the subscales separately so information about 

results for the measure of hostile attitudes was not reported.  

The methods used for collecting data for measures of attitudes and psychosocial 

functioning in this and previous studies have all been accomplished through self-report surveys 

and assessment, completed either by the individual or by structured interview. Except for the 

current study using secondary data collected by the MYS for a broader longitudinal study, 

psychosocial data was collected as part of the evaluation study or as part of the routine 

assessments by the juvenile justice program of interest. Furthermore, although some sort of 

intake or entry assessment is common among juvenile justice programs, the lack of collection of 
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post-program psychosocial assessment data makes inclusion of these measures as outcomes more 

difficult. To further complicate evaluation efforts, entry and exit sample sizes can become quite 

unbalanced leading to reductions in the number of participants available for pre- and post-

program measures (e.g. Hodges et al., 2011; Stickle et al., 2008). On the other hand, 

psychosocial measures are usually collected using a tested and reliable scale resulting in a ratio-

level measure making analysis options more plentiful and robust in terms of small sample sizes.  

For example, Dembo et al. (2000) were able to examine their global 

emotional/psychosocial measure using stepwise regression adding predictor variables and 

demographic controls to the model first followed by program assignment, which unfortunately 

did not produce a significant R2 change. This method is somewhat similar to the current study at 

least in terms of using a least squares perspective rather than simple means comparisons. 

Because Stickle et al. (2008) had only post-test results for two groups, ANCOVA models were 

used to test group differences. Hodges (2011) came closer to assessing change over time by 

using paired t tests on pre- and post-test functioning scores, but without a comparison group 

conclusions about change resulting from the program are more difficult. Clearly, having the 

ability to examine results between groups, within groups, and over time greatly enhances the 

understanding of program impact on these measures that could never be reflected by recidivism.   

Family Functioning Outcomes 

Family curfew. Results for the existence of family curfew rules indicate no significant 

effects of program participation. When comparing the services group to participants with no-

services in the treatment versus control type model using the subsample of FIT participants with 

services data, only an average but significant decrease over time in family curfew scores was 

detected. The level of service had no significant impact on program participants. Gender 
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differences were again not examined in this model, so trajectories for males and females are 

averaged together. Further examination using the normative peer comparison and discontinuous 

piecewise models resulted in gender differences, but the lack of significant program effect is 

confirmed by the expanded analyses.  

Results of the normative peer comparison model examining differences between FIT 

participants and similar non-FIT peers from the same neighborhoods and between genders 

indicated only significant average score differences between males and females, but no 

significant differences between FIT and non-FIT groups. Both groups of males had identical 

intercepts and slopes as did both groups of females, however, females had significantly higher 

average family curfew scores than males. While the average scores for females were higher than 

those for males, all groups experienced the same significant decrease in scores over time. Neither 

gender nor FIT group had a significant effect on rate of change over time. These results are not 

only consistent with the service group comparison, but are also supported by the results that 

examine trajectories before and after program referral. 

Results for the discontinuous model comparing trajectories before and after FIT and 

differences in average scores at the time of FIT referral for family curfew are consistent with the 

normative peer comparison results, with average scores for females being significantly higher 

than males with an identical but significant decrease in curfew scores over time. At the time of 

FIT referral, both genders experienced the same slight but significant decrease in average family 

curfew scores, but with no change in rate of decrease over time for either gender. The decrease in 

scores after program initiation remained consistent with baseline trajectories. The illustration of 

discontinuous model (before and after) trajectories for the FIT group in contrast with the 

normative peer trajectories provided by Figure C.5 in Appendix C further confirms that lack of 
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program effect on family curfew. Trends for both FIT and non-FIT groups are similar both 

before and after initiation for FIT participants. Although there was a significant decrease in 

curfew scores at the time of FIT initiation, the average scores and trends over time after initiation 

for the FIT participants remained consistent with non-FIT peers. 

Given the weight of longstanding empirical evidence associating family functioning with 

various forms of anti-social behavior among adolescents, along with the rapidly changing 

demographics of American families (Mulvey et al., 1993), there is a surprising lack of studies 

that include family-related factors in diversion evaluation. Multiple studies identify family 

functioning factors as predictors of delinquency and recidivism (Annie E. Casey Foundation, 

2009; Lamborn et al., 1991; Steinberg et al., 1994; Wiesner & Windle, 2004). However, few 

include family-related measures as outcomes in evaluation of juvenile diversion programs. Of 

the studies reviewed for this research, none included a measure similar to the existence of family 

curfew rules as described herein. Although, several did include a measure of family relationships 

or home environment, these measures were either included in larger scales or simplistic in terms 

of measurement.  

For example, Dembo et al. (2006) included a family/household member relationship 

subscale as part of a comprehensive adolescent severity inventory to assess general psychosocial 

functioning, with only scores on the overall scale being used as outcome measures. Similarly, 

Dembo et al. (2008) used a recidivism risk inventory measure that included a family 

circumstances and parenting subscale, but the total inventory score assessed at intake was only 

used as a control variable in regression analyses testing group assignment on recidivism 

outcomes. In terms of outcome measures reflecting the existence of family rules or a structured 

home environment, Hodges et al. (2011) provide an example of two family-level factors that 
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could indicate unstable family functioning. Hodges et al. examined 10 functioning domains 

assessed at intake and again shortly after service completion. The two family-related domains 

assessed youth noncompliance in the home and family environment related to undesirable 

behavior by others in the home. Significant changes between pre and post assessments were 

found for both the youths' self-assessment as well as the caregiver assessment. Lattimore, Krebs, 

Graham, and Cowell (2004) also included a family relations measure as an outcome asking 

program participants if family relationships were better, the same, or worse after program 

participation. Only proportional measures were reported with significantly greater proportions in 

the treatment group reporting better as well as worse in comparison to the non-program youths. 

Although the current results for family curfew are difficult to compare directly with other 

studies examining program impact on similar family-level outcomes, the differences between the 

current methods and those used in prior studies are more easily recognized. The two studies by 

Dembo and colleagues (2006 and 2008) used regression analysis with group membership as a 

predictor of recidivism, along with global scale scores as control variables, which controlled for 

family factors rather than assessing change in these factors as a result of the program. Both 

Hodges et al. (2011) and Lattimore et al. (2004) sought to examine change in family factors as a 

result of program participation, but Lattimore et al.'s measure was collected only after program 

participation and is subjective and qualitative in nature, as only group proportions are reported 

on a single item's response. Hodges et al. come closer to measuring change as a result of a 

program using paired t tests to determine if significant improvements occurred between pre- and 

post-program scores. Unfortunately, this method does not necessarily measure change over time 

if the three time-point standard is applied (Jackson, 2010; Ployhart & Vandenberg, 2012). 
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Parental monitoring. The services group comparisons are unfortunately consistent for 

each outcome indicating no significant differences between those who received no services 

beyond the initial contact and those who received a higher level of services. The results of the 

services group comparison for parental monitoring indicated no significant differences, with 

intercepts and trajectories being identical for both groups on the outcome. Both groups 

experienced a significant decrease in parental monitoring as they got older, but again with no 

differences between groups based on the level of services. 

 When gender was added to the examination and the comparison groups were expanded to 

assess differences between FIT referred youths and similar peers who were not referred to the 

program, several significant differences were revealed. The results of the normative peer 

comparison model indicated significant differences in average scores at age 10 between males 

and females and between FIT and non-FIT participants. FIT males had the lowest average scores 

for parental monitoring, while non-FIT females had the highest average scores. The rates of 

change over time are identical for females as well as for males, but parental monitoring decreases 

at a significantly slower rate over time for females than it does for males. No program effects 

were detected by the normative peer comparison model in the rate of change over time, meaning 

that the decrease in parental monitoring as youths age was the same within gender regardless of 

participation in FIT. However, when more detail is added by examining before and after 

trajectories for just the FIT referred group, programmatic effects can be seen more clearly. 

When examining parental monitoring among the FIT only group, results indicated 

significant program effects for both males and females. In contrast to the normative peer 

comparison model which averages change across time, the discontinuous piecewise model, 

which allows for estimation of differences based on the time-varying factor of program initiation, 
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indicated consistent decreasing trajectories prior to referral to the FIT program but significant 

change in the rate of decrease for both genders after program initiation. As in the normative peer 

comparison model, average parental monitoring scores for males at age 10 were significantly 

lower than those for females. Prior to program initiation, parental monitoring decreased over 

time at the same rate for both genders, with average scores dropping significantly at the time of 

FIT referral. However, after program initiation the decline in parental monitoring stopped for 

females, with rates leveling off and remaining constant over time thereafter. While parental 

monitoring for males continued to decline, the decrease over time was significantly lessened 

after program initiation. These program related differences were not revealed in the normative 

comparison models, which estimate average group differences in change over time, but do not 

tease out the differences in trajectories before as compared to after program participation. 

These program effects are further confirmed when the before and after program trends 

are compared with the overall tends of non-program peers. Appendix C provides a view of the 

discontinuous model (before and after) trajectories for the FIT participants in contrast to the 

linear normative trajectories of the non-FIT peers. Figure C.6 illustrates this comparison for 

parental monitoring and shows how the decreasing trend for FIT participants is consistent with 

normative peers prior to FIT initiation. While decrease at the time of initiation represented a 

significant change, the trend after initiation does not continue on the same downward slope as the 

normative peer group. The decrease at the time of initiation was expected, as a decrease in 

parental monitoring occurred in conjunction with an increase in adolescent delinquency at the 

time of referral to FIT. It appears from these comparisons that the FIT program had an impact on 

parental monitoring for both males and females, essentially stopping or at least significantly 

impeding the natural decrease over time experienced by non-program peers.   
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As mentioned in relation to curfew rules, the dearth of studies that include family-related 

factors in diversion evaluation is concerning. Several studies cite family functioning factors as 

predictors of delinquency and recidivism (e.g. Annie E. Casey Foundation, 2009; Hipwell & 

Loeber, 2006; Wiesner & Windle, 2004).  The specific measure of parental monitoring was 

included as a predictor of delinquency class membership by Wiesner and Silbereisen (2003) who 

identified low parental monitoring as a predictor of high-level offender group membership using 

a latent growth mixture modeling approach. Similarly Wiesner and Windle (2004) identified low 

social support from the family as a significant predictor of delinquency trajectory class 

membership.  

Very few studies, however, include family functioning as a measured factor in 

association with diversion programming. In another study by Dembo and colleagues, Dembo et 

al. (2000) sought to evaluate the efficacy of a family empowerment intervention, but failed to 

include any measures of family functioning other than what was included in their global 

emotional/psychosocial measure. The few diversion evaluation studies reviewed for this research 

that included family-level factors have been discussed earlier in terms of the measures used, but 

based on the differential effect of the FIT program for parental monitoring on females, it appears 

that more investigation is needed. None of these prior studies have examined gender differences. 

With research suggesting that some risk factors for development of delinquent behavior in girls 

may be different than those identified for boys, coupled with the decrease in the male-female 

ratio of delinquency (Hipwell & Loeber, 2006), more evidence is needed regarding gender 

differences in the study of treatment effectiveness, particularly in relation to family-level factors, 

as these issues may play out differently for girls versus boys.    
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As with psychosocial measures, family-level factors would typically need to be measured 

using established scales with data collected from individuals rather than official records. These 

data collection methods may pose a serious barrier for diversion evaluation researchers if such 

data is not collected routinely. However, with more and more juvenile assessment centers and 

community- or family-based interventions emerging (Farrington & Welsch, 2003), these types of 

measures are more likely to be collected from adolescents or their parents upon arrival at a 

juvenile assessment or detention center as part of the service planning process. The challenge for 

diversion evaluation researchers will be to include the collection of these same measures 

repeatedly as adolescents (and their families) progress through programs in order to assess actual 

change in these factors over time.  

School Related Outcomes  

Disciplinary referrals. When comparing the subsample of FIT participants with services 

data to determine if those who received a higher level of services had fewer disciplinary referrals 

over time, no significant differences were detected in either the intercept or in the rate of change 

over time based on the level of services. Results of these comparisons, which are similar to prior 

studies of a treatment versus control or a services-as-usual condition, indicated a slight but 

significant increase in the number of disciplinary referrals over time for this subsample, but the 

rate of increase was identical for both services and non-services groups. Again, gender 

differences were not included in this model, so male and female intercepts and slopes are 

averaged together, potentially masking any differences based on gender. As with other outcomes, 

gender differences emerge and more information is gained when gender is added to the model 

and normative peer groups serve as natural controls. 
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The normative peer group comparison model results indicated program effects for both 

males and females in relation to the school-level outcome of disciplinary referrals. The 

normative peer comparison model includes FIT referred youths in contrast with similar peers 

with the same demographic characteristics along with gender as an additional grouping variable.  

Results of the normative peer comparison model for school disciplinary referrals indicated that 

both male and female FIT participants had initially higher average frequencies for school 

disciplinary referrals than their non-FIT counterparts, and males had significantly higher rates 

than females in both FIT and non-FIT groups. In contrast with the results of previous normative 

peer comparison models using individual- and family-level factors as outcome measures, rates of 

change for the school-level factor of discipline referrals were consistent across FIT groups rather 

than across genders. In other words, rather than rates being equal within gender or between FIT 

and non-FIT males and between FIT and non-FIT females, the rate of increase was equal 

between FIT males and FIT females and similarly equal between the non-FIT gender groups. 

The rate of increase over time for FIT participants was identical but significantly less than the 

rate of increase among their non-FIT counterparts eventually resulting in lower average 

frequencies of disciplinary referrals for FIT participants as compared to non-FIT youths at later 

ages. These results, in comparison with other outcomes, offer strong evidence of the association 

between the program design and potentially targeted outcomes as FIT workers typically use the 

schools as an access point to contact and track their clients. The discontinuous piecewise model 

results further highlight this programmatic response. 

Equally interesting are the discontinuous model results for the school related outcome of 

disciplinary referrals. Again, the discontinuous models include only the FIT referred group and 

estimate trajectories that would have occurred prior to program participation based on data prior 
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to the time of program initiation. Significant changes at the time of initiation are estimated based 

on the time-varying predictor signifying the occurrence of the event, while post-occurrence 

trajectories are estimated based on data occurring after the time of initiation. Intercept scores 

(average scores at age 10) for the FIT referred group were identical for males and females. Prior 

to FIT referral, both males and females experienced increases over time in the number of school 

disciplinary referrals, albeit at a significantly slower rate for females than for males. At the time 

of FIT initiation, the average number of disciplinary referrals was significantly and equally 

higher for both genders, but after program initiation the number of disciplinary referrals began to 

decrease over time and significantly more so for females.  

The discontinuous model results for school disciplinary referrals indicated an actual 

reversal in the trend of increasing discipline at school, a much more revealing result than was 

indicated by the normative comparison models. The normative peer comparisons showed only a 

slower increase over time for program participants as compared to non-program peers. However, 

upon closer examination of those who were referred to the program, significant and large 

increases at the time of program initiation corresponding to increase delinquency are revealed, 

along with the trend reversal and additional gender differences. Although FIT females 

experienced a slightly slower rate of increase than FIT males in disciplinary referrals prior to the 

program, they experienced the same significant increase at the time of FIT initiation. And while 

both males and females began a decreasing trend after FIT initiation, the rate of change was 

significantly greater over time for FIT females than FIT males after initiation of the program, 

potentially indicating a greater impact of the program on females. The large and significant 

increase in average scores corresponding with possible increased delinquency and subsequent 

involvement in the program are potentially important revelations of the discontinuous models. 
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Because of these stark differences, one might interpret the subsequent downward trend as a 

function of regression to the mean rather than a function of the program. Further examination of 

these trajectories in relation to those of normative peers is helpful in this respect. 

A comparison of the discontinuous (before and after FIT) trajectories with the normative 

peer linear trajectories provided by Figure C.7 in Appendix C offers a bit more detail regarding 

how these changes over time play out. These comparisons demonstrate how all youths start out at 

age 10 with approximately the same number of school disciplinary referrals, and prior to FIT 

initiation the FIT and non-FIT females have nearly identical increasing trajectories, while FIT 

males increase at a significantly greater rate than non-FIT males. Upon initiation of FIT, and 

presumably increased delinquent behavior, the FIT groups far exceed the non-FIT groups in 

average scores. If the pre-FIT trend continued for the FIT group, participants should increase in 

discipline referrals over time consistent with their non-program peers, albeit with consistently 

higher average scores. However, after FIT initiation, the trajectory for FIT participants decreased 

over time, which was in contrast to the normative increasing trend among non-FIT peers. These 

comparisons provide stronger evidence of program impact than could be gleaned from either of 

the single model comparisons alone.     

Irrespective of the idea that school systems represent the second major social system after 

families to be charged with the obligation for socializing youth (Mulvey et al., 1993), this readily 

available depository of information about youths remains underutilized as a source of juvenile 

justice and diversion evaluation data. As with the other measures chosen for this research, 

academic problems have been associated with juvenile delinquency including low academic 

achievement, low school commitment, high truancy, and high rates of suspension and expulsion 

(Mulvey et al., 1993; Wiesner and Windle, 2004). Even so, few studies address these factors as 
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outcomes in diversion evaluation possibly in part due to the extensive focus of most diversion 

evaluations on recidivism measures and possibly in part due to the historical administrative 

separation of justice programs and school system services. Interestingly, the few studies that 

have included school-level factors have collected the information from youths or family 

members rather than using official school records of achievement, discipline, and absenteeism.  

For example, Carney and Buttell (2003) used structured follow-up interviews with 

parents to collect measures for school suspensions finding that youths in the experimental wrap-

around services condition were suspended from school significantly less often than those in the 

conventional services control condition. Although not clear about the elements of the school-

related measure included in their study, Hodges et al. (2011) also found significant 

improvements in the 'school factor' as measured by pre- and post-program assessments using 

paired t tests. Only one other diversion evaluation study reviewed for this research included a 

school functioning outcome measure. Lattimore et al. (2004) compared program and control 

group participants on their responses to a single item asking if their school performance during 

the prior six months (12 months post-baseline) was better, the same, or worse. A significantly 

larger proportion of the experimental treatment participants reported an improving trend in 

relation to education performance compared with non-program youth, while roughly equal 

proportions said their performance worsened. 

The methodological differences between these studies and the current methods proposed 

in this research have been discussed previously. Suffice it to say that without advancing 

quantitative methods or the data collected for assessment of change in the most salient risk 

factors for juvenile delinquency, evaluation of diversion programs will continue to produce 

mixed and marginally useful results. While the inclusion of school factors in these studies is 
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laudable, the lack of analytical sophistication in the use of t tests and chi-square analyses does 

not go unnoticed particularly when opportunities for longitudinal analysis are present. For 

instance, Carney and Buttell (2003) collected follow-up interview data from parents of both 

experimental and control group participants every other month for 18 months, a total of nine 

times, but used a pre-test/post-test control group design, with interview data "aggregated and 

reported as an event occurring during the course of follow-up" (p. 557). Responses were 

collapsed into a dichotomous variable indicating whether or not the youth had missed school or 

been suspended at any point during the follow-up period. Unfortunately, the variables were then 

used in logistic regression models to determine predictive efficacy for recidivism rather than as 

evaluative outcomes. 

School absences. When comparing youths who received FIT services beyond the initial 

contact to those who received only the initial contact or less, results indicated a significant 

increase in the slope parameter, meaning school absences increased as participants got older. 

However, there was no significant difference between the services and no services groups, 

meaning there was no program effect or difference related to the level of services received. 

School absence rates over time were no different for those who received a greater level of 

services. Gender differences were not examined in the services group comparisons so male and 

female trajectories are averaged together in these results. For school absences, however, these 

gender averages are actual (or irrelevant) as demonstrated by the subsequent two models 

comparing the FIT group to normative peers and comparing pre-and post-program trajectories 

for the FIT only group. 

When comparing FIT referred youths to similar peers from the same neighborhoods, the 

normative peer comparison model results for school absences reveal only program related 
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differences but no differences related to gender for either of the FIT and non-FIT groups. The 

average number of school absences at age 10 was significantly higher among the FIT program 

youths as compared to their non-FIT peers and within both groups males and females had 

identical intercepts. Change over time as also identical within the FIT and non-FIT groups, with 

FIT males and FIT females having the same significant increase in school absences over time. 

Non-FIT males and non-FIT females also had identical rates of change, but the rate of increase 

for non-FIT youths was significantly greater than the increase in absences for FIT youths. These 

results indicated a significant program effect, as being in the FIT group lessened the rate of 

increase in school absences. Similar to the normative peer comparison results for school 

disciplinary referrals, FIT youths regressed in the number of school absences on average toward 

their normative peers. Upon further examination of FIT participant trajectories before and after 

initiation of the FIT program, the same trend reversal revealed for disciplinary referrals is also 

revealed for school absences. 

When examining school absences among the FIT only group, the discontinuous 

piecewise results indicated significant program effects for both males and females, but again no 

significant gender differences. In contrast to the normative peer comparison model which 

averages change across time, the discontinuous piecewise model, which allows for estimation of 

differences based on the time-varying factor of program initiation, indicated that males and 

females had an identical rate of increase over time in absences prior to referral to the FIT 

program, with a significant and identical increase in average absences at the time of FIT referral. 

This increase in absences at the time of FIT initiation is quite large, similar to the large jump in 

disciplinary referrals at the time of FIT initiation. These significant increases at the time of 

initiation should be considered and taken into account when making conclusions about program 
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effects. While the direction of the slope changes after FIT initiation, the average number of 

absences for FIT participants remains significantly and consistently higher than non-FIT peers. 

As with disciplinary referrals, the significant program effects on change over time happen after 

initiation of the program for both genders equally. Results revealed a change in the direction of 

the trajectory, which increased over time prior to program initiation and then decreased over time 

after program initiation. Results of the discontinuous model for school absences are consistent 

with the normative comparison model for school absences in terms of no gender differences in 

average frequencies or in the rate of change over time. As mentioned earlier, these results for 

school-level factors are encouraging as the connection between elements of program design and 

potentially targeted outcomes demonstrate how particular outcomes can be better understood 

with these methodological strategies, particularly when combined.  

A comparison of the discontinuous (before and after FIT) trajectories with the normative 

peer linear trajectories provided in Appendix C offers a more detailed view of the program 

related change, similar to that revealed for school disciplinary referrals. These comparisons, 

illustrated by Figure C.8, demonstrate how both FIT and non-FIT youths start out at age 10 with 

approximately the same number of school absences. Prior to FIT initiation both groups progress 

with an increasing rate of change over time, with the FIT groups increasing at a greater rate than 

the non-FIT groups. Upon initiation of FIT, and presumably increased delinquent behavior, the 

FIT groups far exceed the non-FIT groups in average scores of school absences. After FIT 

initiation, FIT participants would also presumably continue on an increasing trend over time as 

do their non-program peers, albeit with consistently higher average scores. However, after FIT 

initiation, the trajectory for FIT participants decreased over time in contrast to the normative 
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increasing trend among non-FIT peers. These comparisons provide stronger evidence of program 

impact than could be gleaned from either of the single model comparisons alone.   

These results related to school absences are also consistent with prior studies that have 

included such measures in their assessments of juvenile diversion. For example, Carney and 

Buttell (2003) included missing school as an outcome in their evaluation of a wraparound 

services model compared to conventional juvenile court services. Using chi-square tests of 

significance, they found that youths receiving wraparound services missed school less than 

traditional services youths. However, recidivism rates between the two groups were not 

significantly different pointing again to the potential of missing valuable information when only 

recidivism is used as a measure of success. Although not clear about the elements of the school-

related measure included in their study, Hodges et al. (2011) also found significant 

improvements in the 'school factor' as measured by pre- and post-program assessments using 

paired t tests.  

While the methodological differences are the same between these studies and the current 

longitudinal analysis, the positive school-related outcome results not only compel the inclusion 

of these factors more readily in future studies, but also lend credence to the idea of using school 

system data when possible to assess academic outcomes over time. Furthermore, while the 

results of these prior studies are significant, the analysis methods are simplistic at best and do not 

reveal nearly as much as could be realized through more advanced techniques such as those 

presented by this research. Although school data is more readily available than psychosocial and 

family related data, school-related factors are largely missing from diversion evaluation studies. 

This is an unfortunate gap as the results for school related outcomes in the present study are quite 

interesting. 
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Key Findings 

Unfortunately, results of the within-program services group comparisons indicated no 

significant effects of program participation on those who received services beyond the initial 

contact versus those who did not. Gender was not examined in these models because of the small 

sample sizes obtained when searching for paper case files. This lack of significance could 

indicate that receiving a greater level of service has no additional impact on participants beyond 

that experienced by simply being referred to the program. With the small sample size (n = 280) 

split into two groups, it is also possible that service effects were undetectable. Nevertheless, 

these results are not inconsistent with prior evaluations of diversion programs and in 

combination with the other results of this study, these within-program comparisons point to the 

benefit of conducting multiple methods of analysis prior to drawing conclusions about 

programmatic effects.  

Overall results of the normative peer comparison model analyses were largely significant 

in terms of gender differences and differences between program youths and normative peers. For 

instance, males were more likely than females to brandish a weapon, abuse substances, and 

receive disciplinary referrals at school. Both male and female FIT participants were more likely 

than non-FIT participants to score higher on these measures as well as lower on measures of 

parental monitoring, family curfew, and behavioral self-worth. However, actual programmatic 

effects, ones that would be associated with FIT participant trajectories regressing toward or 

conforming with normative peer trajectories, were less common. This did occur for the outcome 

of attitudes about personal violence for females and both school measures for both genders. One 

initial conclusion that can be drawn based on the overall results is that the FIT program is at least 



225 
 

targeted toward the right group of adolescents given the significantly higher or lower rates on 

outcome measures (depending on the measure) as compared to similar peers.  

The discontinuous piecewise models provided an even more interesting and informative 

assessment of program impact in relation to within-program comparisons. These models examine 

outcome measure trajectories after program referral in comparison to development over time 

prior to program referral. These models also demonstrate how the averages in trajectories across 

time, like those in the normative peer comparison models, can hide event related effects such as 

program initiation. In addition, these discontinuous models reveal more about the direction and 

magnitude of change after program participation than can be detected when change is averaged 

consistently across time. For example, the trajectories for school-related outcomes changed 

direction after program initiation, switching from increasing prior to FIT initiation to decreasing 

after initiation of the program. Similarly behavioral self-worth was constant across time prior to 

FIT, decreased significantly at the time of FIT, and then increased over time for both genders 

after FIT, but significantly more so for females. As with the normative peer comparison models 

used to answer Research Question 1, the results of these models assessing trajectories before, at 

the time of, and after program initiation were largely significant overall in relation to gender 

differences and relative change over time. However, the discontinuous models improve upon the 

detection of significant programmatic effects, revealing significant effects in two outcome 

measures, parental monitoring and behavioral self-worth, which were not detected by other 

models. Differential effects based on gender also occurred with attitudes about personal violence, 

parental monitoring, and disciplinary referrals. 
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General Observations  

Although it is tempting to speculate that small sample sizes hampered the ability to detect 

program effects in the service group comparison models, it is also possible that the receipt of 

services made little difference for these adolescents, or that interaction with law enforcement and 

referral to the program was equally impactful for these youths, regardless of the level of services 

received. These results are not inconsistent with prior research indicating minimal impact for 

programs that are less intensive or similar to probationary supervision (Cocozza et al., 2005). 

This method was presented as an example of how various elements of a program could be 

examined and how comparing experimental and control group outcomes over time could be 

managed easily.   

In the normative peer comparison models between program participants and similar non-

program peers with the same socio-demographic characteristics, few program effects were 

established, at least in terms of program impact on change over time, with the exception of 

school-level outcomes. However, these models average change across time-points, and as 

indicated by comparison with the discontinuous models that examine baseline trajectories in 

contrast to post-program trajectories, these natural control group strategies may miss event 

related changes among program participants that could be detected by longitudinal models that 

account for program onset. Evaluation studies that include at least two time points of baseline 

measures (but preferably three) are in a position to evaluate these changes more effectively 

(Tolan & Brown, 1998). Baseline measures over time allow for the examination of differences 

between trajectories before program participation with trajectories after participation. This is not 

to say that group comparison models without discontinuous change elements are not useful. As 

demonstrated in the example of attitudes about personal violence, the ability to compare 
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differences between program youths and similar natural control groups is useful in detecting 

changes that conform or exceed what might be experienced without the intervention. Combining 

all of these methods may be the best way to gain a more in-depth understanding of change 

resulting from program participation, particularly in light of potential maturation bias often 

confounding studies of adolescent development.   

The overall benefit of discontinuous piecewise growth modeling is clearly demonstrated 

by this study. Piecewise longitudinal modeling provides a method of analysis that far exceeds 

what is currently available in the diversion evaluation literature. Discontinuous piecewise models 

are able to estimate trajectories prior to program participation, identify 'jumps' (increases or 

decreases) in scores at the time of program initiation, and then estimate trajectories after program 

initiation, showing changes in development as a result of the program. The ability to demonstrate 

the progression of development in key delinquency related factors prior to program participation 

not only helps control for potential maturation bias but also offers an understanding of 

developmental change that can be more readily attributed to program effects. While longitudinal 

and pre-program data may be more difficult to obtain, these piecewise models offer a viable 

alternative when control group design is impractical or unavailable. The current practice of 

randomly assigning delinquent youths to 'services as usual' conditions in order to assess the 

effectiveness of an experimental program may be experimental in terms of research design, but 

this method may not be optimal in light of other available options.  

While few diversion evaluation studies have examined gender differences, this factor is 

clearly important as reflected by this research as well as other studies (Boxer & Goldstein, 2012; 

Elis, 2005). Females responded differently than males on several outcomes, particularly on 

psychosocial and family-level factors. This is an important consideration for diversion program 
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planners and those interested in elements that may be more effective for particular genders 

(Annie E. Casey Foundation, 2009; Hipwell & Loeber, 2006). Males and females responded 

equally well in regard to school related outcomes, which may be at least partially associated with 

the school-based nature of the FIT program. FIT case workers often use the child's school as a 

point of contact for maintaining connection with the adolescents in their caseload. Evidence of 

the effectiveness of diversion programming for delinquent girls is extremely limited, with just a 

few studies comprising adequate samples of females or reporting on intervention effects by 

gender (Hipwell and Loeber, 2006). With research suggesting that gender modifies the 

relationship between causal factors and delinquent behavior among adolescents, gender clearly 

deserves more attention in evaluations of delinquency interventions (Elis, 2005). 

This study provides some evidence of programmatic impact on behaviors. For a majority 

of behaviors, the FIT program appeared to change pre-FIT trajectories of FIT participants into 

post-FIT normative trends. That is, after referral to FIT, participant’s trajectories appeared in line 

with trajectories of normative peers, while the pre-FIT trajectories were not. These changes in 

trajectories could be attributed to the participation in FIT. In addition, females appeared to 

benefit more greatly from participation in FIT, as compared to their male counterparts. Both 

genders experienced the greatest impact on the measures of school attendance and discipline 

prompting behaviors. Program design may play a large role in the impact realized for school-

related outcomes as the program was implemented within the schools themselves. Additionally, 

frequencies of observations were higher for FIT participants in the older ages for the school 

related outcomes, indicating that dropout may have been lower in the sample of FIT participants 

compared to the non-FIT comparative sample.  The programmatic impact of FIT can be defined 
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when we take all three analyses into account jointly, rather than relying on the outcomes of a 

single analysis.    

Implications 

Application of the Framework 

 The purpose of the study was to present a framework for quantitative analysis using a 

longitudinal research design with existing secondary data, multiple data source integration, and 

ecologically-based outcome measures, along with longitudinal piecewise and growth curve 

analysis to enhance strategies for evaluation in the context of juvenile justice diversion 

interventions. The analytical methods in this framework are useful for examining developmental 

pathways before and after an intervention and for examining group differences in development 

of outcomes over time. Its applicability is broad and could be instrumental in developing 

evaluation systems for use with a variety of social projects and programs. Identifying existing 

data sources, developing collaborative partnerships, and combining efforts for data collection 

and merging on an ongoing basis, or at least prior to a planned intervention, could greatly expand 

the capacity of communities to measure outcomes more specific to the objectives of a program, 

particularly when those objectives are ecological in nature. Most social service programs today 

recognize the interdependence and mutual influence of psychological, social, and environmental 

factors in the lives of individuals and families. Evaluators are no different. If programs are 

intended to address these many interlocking systems, evaluators will need to expand their 

capacities for assessing multiple factors and gaining a broader understanding of these dynamics. 

This framework offers such an expansion of capacity for quantitative analysis in evaluation.  

The results of this study demonstrate this expanded capacity by painting a much more 

interesting picture of various factors related to delinquency and program impact. One can see 
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precisely what changes and what does not change in response to the program. For example, 

youths who participated in FIT had better school attendance and fewer disciplinary referrals 

indicating potential promise of the program in relation to academic success. However, behavior 

measures were minimally affected, with males and females responding differently in relation to 

substance abuse. The piecewise models show accelerated growth in substance abuse for males 

and declining growth for females after participation in the program. Males and females also 

responded differently in terms of psychosocial factors, indicating a potential need for programs 

to address some risk factors differently for males and females. Given that the program was 

intended to be family focused, and with results showing no impact on curfew but some impact on 

parental monitoring, we can potentially identify weaknesses in the family-focused elements of 

the program. Clearly, and unequivocally, the examination of these factors which are directly 

related to risk for delinquency and the program's intended impact reveals so much more than an 

examination of recidivism alone could ever reveal. Some juvenile justice evaluation researchers 

recommend that studies examining both recidivism and psychosocial factors be a matter of 

course for juvenile justice agencies (Dembo et at., 2008), requiring routine psychosocial 

assessments and strength-based screening methodologies. These recommendations are strongly 

supported by this research, with implications for both program planners and evaluation 

researchers. 

Expansion to Other Fields  

 Longitudinal analysis and growth curve modeling is a relatively new advancement in 

statistical analyses available to social science researchers, particularly for evaluation science. 

While investigations involving time, such as survival analysis, are common in clinical and 

biomedical studies (Daniel, 2009), studies examining effects or changes over time are much less 
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common (Ployhart & Vandenberg, 2012). This rarity may be due in part to the complexity of 

longitudinal modeling, but also may be due to the time and expense related to data collection 

(Jackson, 2010). Following individuals over time may not be practical for some evaluation and 

certainly are not necessary to identify success for many programs. But for those who have the 

ability to collect or use repeated measures data, this framework offers a guide for visualizing 

how useful such endeavors could be. For example, school systems maintain a wealth of 

individual-level data collected over time, offering a viable venue for longitudinal assessment 

related to a variety of interventions. Other fields such as family and child development, 

economic and employment services, and clinical substance abuse treatment, to name a few, have 

applied growth modeling techniques, but few have taken advantage of these methods for 

evaluation (Taylor, Graham, Cumsille, & Hansen, 2000). Theoretically, any program that seeks 

to make a lasting change in behavior, attitudes, or circumstances should consider evaluating that 

program in relation to change over time, rather than simply examining outcomes for comparative 

groups after a program or in relation to differences between two time-points, such as pre- and 

post-assessment.  

Model Extensions  

As previously pointed out, most other studies evaluating juvenile diversion programs 

used recidivism as the primary outcome of interest (Harris et al., 2011; Mulvey et al., 1993). 

While a reduction in the incidence of interactions with the justice system is the primary goal of 

diversion programming, these programs are actually targeting the risk and protective factors 

known to influence youth delinquency. In order to determine what works best on which factors, a 

more in depth examination of these factors is greatly needed. The analysis models herein offer 

just a few examples of what can be examined with these types of longitudinal models. Model 
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extensions are also possible, for example adding additional covariates or time-varying predictors 

to the Level 1 portion of the model to examine other individual-level factors. The Level 2 portion 

of the model can also be expanded to add control variables, additional grouping factors, and 

interaction effects. One possibility is to add receipt of various programmatic elements to the 

model (e.g. Hamilton et al., 2007). For instance, one could add the number of sessions received 

as a continuous covariate, or one could add a dichotomous grouping variable related to receipt of 

a particular service element such as drug testing. Additionally, non-linear trajectories may also 

be explored, as the change over time for these behaviors may not be exclusively linear, as 

assumed here. Multi-level modeling is very flexible and can use transformations to model non-

linear individual change as well as polynomial functions of time (Singer and Willett, 2003).   

Recommendations 

Planning Ahead 

 Recent policy statements on evaluation suggest that evaluation be addressed as part of an 

expanded life cycle for educational and social service programs (Chatterji, 2004; Scheirer, 2012). 

By employing a variety of appropriate methods for various phases of program planning, 

evaluation can advance as an integrated managerial function whereby data is collected on a 

continuous basis for use in making decisions, improving program elements, and establishing 

evidence of success or failure. Scheirer suggests a developmental perspective over time for 

program design, testing, and implementation, with a normative process of evidence accumulation 

across organizations and over time for the purpose of improving human service programs. While 

this philosophy appears to be slowly emerging among human service providers, funding 

requirements, standards for evidence-based practice, and current evaluation designs hinder the 

ability to fully embrace a life cycle approach to evaluation (Chatterji, 2004; Slinger & Roesch, 
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2010). However, this type of planning and collaboration will be needed in order to implement the 

expanded quantitative approach to longitudinal evaluation suggested by this research. 

In order to implement longitudinal evaluation design that captures true effect in the 

absence of randomized controls, researchers will need to plan ahead for identifying existing data 

resources or collecting baseline data prior to program implementation. By collecting at least two 

time-points of data prior to an intervention, as demonstrated in the discontinuous piecewise 

models herein, evaluation researchers can estimate what direction developmental paths would 

have taken prior to the program and then what changes occurred as a result of program 

participation. Establishing base line trends is an important element for determining actual 

program impact beyond the currently popular pre- and post-test assessment of change.  

Beyond the benefits of baseline establishment, collecting data over time on a population 

of individuals who may or may not receive an intervention allows for the use of normative or 

natural controls when a subset of individuals receives a service that others do not, as 

demonstrated in the normative peer comparison models used to address Research Question 1. 

These external control groups can add valuable insight, particularly when random assignment or 

true experimental designs are impractical (Aos, 2004). Potentially confounding variables will 

also need to be considered and can controlled for methodologically or statistically. In this 

research, socio-economic status was controlled methodologically as only low-income youths 

from poor neighborhoods were included in the research. However, future studies using these 

methods will need to consider confounding variables such as income level, race, family status, 

and other potentially influencing variables either through methodological means as done herein 

or through statistical means by the addition of covariates in the multi-level models. 
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Adding Recidivism 

 The absence of recidivism data in this study is clearly a missing element. Unfortunately 

for this study, the relationships and collaborations necessary for including juvenile arrest and 

court appearance data occurred after this study was nearly complete. As mentioned previously, 

the measure of recidivism itself is untenable and needs to be clearly defined for inclusion. A 

variety of measures have been used to represent recidivism, most notably the occurrence of arrest 

(Harris et al., 2011). A few studies have used conviction as a measure of recidivism, citing the 

reliability of a court decision that a crime was in fact committed by the defendant (Aos, 2004; 

Hodges et al., 2011). Both measures may be needed in future research adding recidivism to the 

mix of outcome measures related to program impact (Harris et al., 2011). Since reducing further 

penetration into juvenile and adult court systems is the generally stated target of diversion 

programs, it seems logical that using court records to shed light on outcomes related to court 

appearances and adjudication would be beneficial. Arrests tell a useful story as well about how 

often individuals engage in behaviors that draw the attention of authorities. Repeated interactions 

with law enforcement without penetration into the court system would seem to be enlightening as 

well, potentially revealing system-level information about the impact of diversion programming.      

Using Secondary Data Sources 

Ongoing data collection is happening all the time and in more places than many 

evaluation researchers seem to realize. Schools in particular offer a wealth of information for 

evaluators even when the program of interest is outside of the school system. Behavior risk 

surveys in schools are common, but most are not identified with individuals making it impossible 

to tie the data to other records. With the right confidentiality protocol, this information could be 

collected in a manner more suitable for merging with individual records when appropriate or 
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needed for evaluating various interventions. Most federal and state funded agencies are required 

to document services provided to individuals and most assess needs or inventory risk factors as a 

matter of course. Juvenile justice systems are no different, but social service philosophies and 

reciprocal relationships with community service providers may be a more recent development. 

It is widely recognized that adolescents who come into contact with the justice system 

often arrive with multiple problems including mental health issues, substance abuse, and poor 

academic functioning. Many times these youth come from unsupportive or violent homes and 

violent neighborhoods (Boxer & Goldstein, 2012; Dembo et al., 2006; Models for Change, 

2012). Most have needs that require the attention of multiple service systems like mental health, 

alcohol and drug treatment, child welfare, and other social service agencies. In response, 

centralized juvenile assessment centers are gaining popularity across the country, serving as 

single entry points for intake and assessment of troubled youths (Cocozza et al., 2005; Dembo, 

2005). These centers often work with youths, family members, schools, and other agencies to 

identify risks, needs, and current system involvement in order to determine the best array of 

services.  These centers could provide a wealth of data and information, particularly information 

that could be used for baseline data and data collected over time. These centers often collect 

information from other agencies when receipt of a services occurs (or not) and when participants 

complete program requirements. Youths may also intersect with these assessment centers 

repeatedly and more often than juvenile courts, providing a more accurate picture of delinquency 

than official adjudication, particularly when diversion rather than arrest and formal processing is 

the preferred mechanism for handling certain problems.   

Evaluation researchers need to expand their horizons beyond their own capacities for 

collecting information from program participants. Time and precious resources are so often used 
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to collect information that can only be used for cross-sectional purposes. Such efforts may also 

duplicate what is already available and sufficient or even more relevant for assessing outcomes 

and program impact. Most importantly, existing secondary data can establish baseline measures 

or trends and can offer information over time that few evaluation researchers are funded to 

collect prior to and for long periods after an intervention. It is not unrecognized that much of the 

data currently collected by such entities is messy at best and potentially more time consuming to 

merge. However, the benefits of doing so are long-lasting and can serve a community well 

beyond the initial project (Winokur et al., 2002). It is further recognized that some psychosocial 

measures (such as attitude scales) may not be available or may be collected in a manner that is 

less reliable or by instruments that lack tested psychometric properties. These are issues that 

should be considered carefully based on the needs of the community, the resources available, and 

the specific objectives of the intervention being evaluated.  

Limitations 

Several limitations of the study are recognized. This study is somewhat limited by the 

small sample size available for the study, particularly the FIT subsample and the within-FIT 

comparisons related to who did and did not receive services. While the sample size is sufficient 

for the methods of analysis used, effect sizes may be diminished for some analyses because of 

small sample size. Notwithstanding, these models are robust to small sample size. To achieve 

significance in so many results, particularly with the application of the very conservative 

Bonferroni adjustment for multiple comparisons, is quite remarkable. While the rarity of some 

events such as brandishing a weapon may also impact the size of effects for such dependent 

variables, the use of rare-event variables is limited.  
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Unfortunately, effect sizes are not yet easily determined for longitudinal and mixed 

models (Castelloe, 2000; J. B. Willett, personal communication, October 28, 2014). Sample size 

and power analysis for mixed models and random effects is an area of ongoing research, with 

data simulation being the most viable option cited at this point.  Simulation involves the 

specification of values for model parameters which are used to randomly generate a large 

number of hypothetical data sets to which the statistical tests are applied to estimate the number 

of times the null hypothesis is rejected (Castello, 2000). Power analysis is also complicated by 

the debate over appropriate approaches to effect size calculation for repeated measures and 

mixed designs due to the correlation between paired scores. This correlation makes the selection 

of possible denominators (either the standard deviation of change scores or the standard 

deviation of raw scores) more complex and potentially confounding (Feingold, 2009).  In light of 

these limitations, effect size calculations and power analysis were not conducted for this 

research. More definitive direction from statisticians regarding the retrospective calculation of 

effect size and power analysis for mixed effects models is needed.  

Another limitation of this study is the assumption of linearity of trajectories for all 

outcomes. Some of the outcome measures assessed in this research may, in fact, follow non-

linear trends, particularly those related to behavior among adolescents. Future research using this 

framework should incorporate assessments of linearity to determine if non-linear models are 

more suitable for the outcomes of interest. 

Limitations related to self-report data are mentioned as a matter of course as most studies 

that use this type of data recognize the potentially biased nature of self-report data particularly 

from adolescents. Often recognized as a limitation, self-report data is considered acceptable and 

reliable (Jeong et al., 2012) and is assumed to be so in this study. The issue seems to be less and 
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less germane as many studies cite the reliability of self-report data and its utility as a balancing 

source when compared with official records data (Lane et al., 2007). Self-report data offers 

information that can’t be tapped any other way (Jeong et al., 2012; Wiesner & Windle, 2004). As 

in this study and others mentioned within, youth-reported behavior and attitudes are often more 

telling than official records, particularly in relation to delinquent behavior (Lane et al., 2007).  

More potentially concerning is the reliability of the school system data which is 

dependent on the record keeping and documentation practices of each school. Unfortunately, this 

concern is inherent in potentially all school system data no matter the location. Irregularities are 

assumed to be random within each school, with no dependence on or association with any 

characteristics of the school students themselves. Despite these inconsistencies, the measurement 

error within the school system data is considered to be less than the measurement error within the 

MYS data (J. M. Bolland, personal communication, December 3, 2014). While this minimized 

measurement error could have contributed to the significant findings related to school-level 

outcomes as compared to other outcomes, the program design is somewhat school-based and 

likely contributed considerably to the positive school outcomes. Unfortunately, it is difficult to 

determine if these outcomes are a reflection of changes in individual behavior or changes in 

school system policies, programs, or services related to the presence of the FIT program. Future 

evaluation studies that use school system data will experience many of the data issues mentioned 

herein, such as multiple entries corresponding to single events and inconsistencies across data 

sets. However, school systems offer a plethora of information that can help measure a number of 

indicators of youth success as well as indicators of risk.  

The purpose of this study is to demonstrate and disseminate the use of longitudinal 

analysis methods for the purpose of evaluating juvenile diversion programs and possibly other 
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social service interventions. Understandably, longitudinal modeling, as demonstrated here, may 

be statistically more advanced than is comfortable for some researchers who are accustom to the 

typically practiced methods of cross-sectional studies (Gee, 2014; Jackson, 2010). However, 

continued advancement of research using these modeling techniques could serve to strengthen 

the literature base and encourage the use of more advanced quantitative methods in evaluation 

research. While more than two data collection waves may increase costs and lower the sample 

size, particularly if an evaluation calls for two waves prior to program implementation (Tolan 

and Brown, 1998), these costs are justified as such methods are needed if researchers intend to 

effectively examine patterns of change and the potential long term impacts of social programs 

(Ployhart & Vandenberg, 2012; Willett et al., 1998). 

 Furthermore, the time and expense of integrating longitudinal data sets from multiple 

sources in order to conduct more meaningful analyses may be difficult. The extent of resources 

needed to develop partnerships between multiple entities come to agreement on data 

confidentiality and protection and actually merge data into person-period data sets for multi-level 

modeling, does not go unnoticed. While the methods presented in this study offer vast 

improvements over current popular analytical methods in evaluation and offer opportunities for 

enhancing the understanding of programmatic impacts, these final limitations may hinder the 

applicability of these methods in some cases. In other words, the generalizability related to the 

use of longitudinal modeling approaches may be limited, but it is certainly not impossible and 

will be well worth the trouble in the long run. 

This research is designed to demonstrate a framework for quantitative analysis in 

evaluation and is not necessarily designed as a programmatic evaluation of FIT. The data 

obtained from the program for this research spanned the beginning years of implementation and 
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may not reflect the design or effectiveness of program services today. However, with a rigorous 

evaluation of the FIT program from 1998 through 2004, even with the current data limitations, it 

is possible to build upon this framework for future programmatic evaluation. The FIT program 

has undergone many changes since 2004, so any conclusions about the effectiveness or value of 

the current FIT program based on the results of this study should be reached with caution.    

Future Directions 

Research using these strategies and techniques is innovative and new to the field of 

juvenile justice diversion program evaluation. Further dissemination and practice will depend on 

the willingness of evaluation researchers to explore these options and apply these techniques on 

repeated measures data. Much of this data is already available in communities across the country, 

but to expand the scope of understanding beyond academic and justice related outcomes, 

additional psychosocial and family-level measures will need to be added to the data mix. To 

expand upon the current study, the addition of arrest records and court data is needed to better 

understand if connections are being made between the factors studied here and the targeted 

outcomes of recidivism and court system penetration. The variables for this study were selected 

based on the juvenile delinquency literature and the philosophy espoused by the FIT program. 

However further investigation into the actual design of the FIT program and what should be 

expected in terms of outcomes based on the services actually provided is warranted, particularly 

in relation to family factors. Future research will also require a closer examination of selected 

outcomes to determine if non-linear trends are present and whether non-linear models would be 

more appropriate than those assuming a linear relationship. 

Another area of interest is the additional data collected from the case files related the 

number of contacts made by the FIT case workers and whether a positive dose-response outcome 
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can be detected. Theoretically, one would expect outcomes to improve in relation to the amount 

of intervention received. Unfortunately, no significant differences resulted from analyses 

comparing those who received more than the initial contact and those who did not. Data on the 

number of contacts was collected from case files. Looking more closely at the number of 

contacts as a continuous predictor in relation to both the ecological outcomes examined here and 

in relation to recidivism and court penetration may help clarify particular programmatic effects. 

For example, Dembo et al. (2000) found minimal average differences between experimental and 

control group members, but when testing the subgroups of program completers and non-

completers within the experimental group, a substantially greater number of significant 

differences were found. These results point to the need for further examination of the service 

elements of diversion programs to more specifically identify what exactly makes a difference.  

While this research demonstrated models comparing groups on various outcomes and 

demonstrated models that assess trends before and after program participation, the event-related 

changes that occur at the time of program referral sparked interest in further examination of these 

specific changes. One potential question is whether the increment of change or the size of the 

jump in average scores at the time of program initiation changes as a function of age. This 

analysis can be accomplished by including age of initiation as a factor in the models. Whether or 

not the increase or decrease is consistent over time or is somehow related to age could be an 

important consideration for the timing of diversion interventions. In addition to examining the 

event-related changes for program participants, future directions might also include an 

examination of similarly delinquent peers and whether their developmental trajectories differ 

from those of program participants, particularly in relation to age of delinquency onset. 
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Conclusion 

 The framework presented herein combines data integration from multiple sources with 

longitudinal analysis methods to assess ecologically-based individual-, family-, and school-level 

outcomes in relation to program participation using a juvenile justice diversion program 

example. This study demonstrating innovative quantitative methods for enhancing evaluation 

strategies offers possibly the first ever example of a repeated-measures longitudinal evaluation 

design for assessing ecologically-based outcomes in the context of juvenile diversion 

programming. Using growth curve modeling to examine group differences in developmental 

trajectories between program-referred youths and similar peers, significant positive effects were 

found for attitudes about personal violence and school related outcomes. Using discontinuous 

(piecewise) growth curve models to examine development for program participants prior to and 

after program participation, significant positive effects were also found for behavioral self-worth, 

attitudes about personal violence, parental monitoring, and school related outcomes. Gender 

differences were found for all outcomes except school absences. When discontinuous model 

trajectories for FIT participants were compared to non-FIT normative peer trajectories, additional 

information was revealed. Overall, results are somewhat consistent with prior research, however, 

gender differences are rarely reported, and no other published diversion evaluation studies have 

used growth curve modeling strategies to assess program effects on change over time. Further 

use of these methods and the application of this framework will tremendously advance the 

diversion evaluation field and the understanding of what works on what and for whom in 

juvenile diversion programming.  
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APPENDIX A 

MYS Scales and Corresponding Survey Items 

Scales and Items Response Options 

Weapons Brandishment  

303. Have you ever pulled a knife or a gun on someone else? 1. No 

2. Yes 

304. In the past 3 month (90 days), did you pull a knife or a gun on 

someone else?  

1. No 

2. Yes, just once 

3. Yes, more than once 

305. In the past month (30) days, did you pull a knife or a gun on 

someone else? 

1. No 

2. Yes, just once 

3. Yes, more than once 

Substance Abuse 

345. Have you ever gotten drunk on alcohol or high on drugs? 1. No 

2. Yes 

346. In the past year (12 months), did you get drunk on alcohol or 

high on drugs? 

1. No 

2. Yes, just once 

3. Yes, more than once 

347.  In the past month (30 days), did you get drunk on alcohol or 

high on drugs? 

1. No 

2. Yes, just once 

3. Yes, more than once 

348. In the past week (7 days), did you get drunk on alcohol or 

high on drugs? 

1. No 

2. Yes, just once 

3. Yes, more than once 

Behavioral Self-worth 

255. a) I sometimes do things I know I shouldn't do. 

 b) I hardly ever do things I know I shouldn't do. 

a)  or  b) 

256. a) I usually don't like the way I behave. 

 b) I usually like the way I behave. 

a)  or  b) 

258. a) I usually get into trouble because of the things I do. 

 b) I usually don't do things that get me into trouble. 

a)  or  b) 

259. a) I usually make good decisions. 

 b) I usually don't make good decisions. 

a)  or  b) 

260. a) I usually behave myself very well. 

 b) I often find it hard to behave myself. 

a)  or  b) 
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Attitudes about Personal Violence  

322. When I get mad, I usually don't care who gets hurt. 1. Agree 

2. Disagree 

324. If someone else starts a fight with me, I am going to finish it. 1. Agree 

2. Disagree 

325. Hitting someone really knocks some sense into them. 1. Agree 

2. Disagree 

326. When you are in an argument, you should stand your ground 

to get what you want. 

1. Agree 

2. Disagree 

Parental Monitoring 

82. Does your mother or father know who you hang out with? 1. No 

2. Yes 

83.  Does your mother or father know exactly where you are most 

afternoons (after school) and during the day on weekends and 

during the summer? 

1. No 

2. Yes 

84. How much does your mother or father really know about what 

you do mot afternoons (after school) and during the day on 

weekends and during the summer? 

1. They don't know 

2. They know a little 

3. They know a lot 

85. How much does your mother or father really know about 

where you go at night? 

1. I don't go out at night 

2. They don't know 

3. They know a little 

4. They know a lot 

86. Does your mother or father try to find out how you spend 

your time? 

1. They don't try 

2. They try a little 

3. They try a lot 

87. How much does your mother or father really know about how 

you spend your time? 

1. They don't know 

2. They know a little 

3. They know a lot 

Family Curfew   

78. Are you allowed to stay out as late as you want on school 

nights? 

1. No  

2. Yes 

79.  Are you allowed to stay out after dark on school nights? 1. No  

2. Yes 

80. Are you allowed to stay out as late as you want on weekend 

nights? 

1. No  

2. Yes 

81. Are you allowed to stay out after dark on weekend nights? 1. No  

2. Yes 
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APPENDIX B 

 

IRB Certification 
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APPENDIX C 

Discontinuous FIT Trajectories with non-FIT Linear Trajectories  

 

Figure C.1: Piecewise and normative trajectory comparison for Weapon Brandishing.  FIT 

piecewise trajectories with non-FIT peer linear trajectories by gender. 
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Figure C.2: Piecewise and normative trajectory comparison for Substance Abuse.  FIT piecewise 

trajectories with non-FIT peer linear trajectories by gender. 

 

 
Figure C.3: Piecewise and normative trajectory comparison for Behavioral Self-worth.  FIT 

piecewise trajectories with non-FIT peer linear trajectories by gender. 
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Figure C.4: Piecewise and normative trajectory comparison for Attitudes about Violence.  FIT 

piecewise trajectories with non-FIT peer linear trajectories by gender. 

 

 
Figure C.5: Piecewise and normative trajectory comparison for Family Curfew.  FIT piecewise 

trajectories with non-FIT peer linear trajectories by gender. 
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Figure C.6: Piecewise and normative trajectory comparison for Parental Monitoring.  FIT 

piecewise trajectories with non-FIT peer linear trajectories by gender. 

 

 

 

Figure C.7: Piecewise and normative trajectory comparison for School Disciplinary Referrals.  

FIT piecewise trajectories with non-FIT peer linear trajectories by gender. 
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Figure C.8: Piecewise and normative trajectory comparison for School Absences.  FIT piecewise 

trajectories with non-FIT peer linear trajectories by gender. 
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