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ABSTRACT 

 
 

Current literature in the social sciences largely ignores important nested data 
structures when seeking to explain or interpret effects of independent variables on 
outcomes of interest. This is particularly true when the outcome of interest is 
dichotomous. A set of demonstration data is analyzed using HGLM software, and a set-
by-step description of the procedure is presented. Appropriate interpretations of results 
and program output are illustrated. Some conclusions regarding the demonstration data 
within a juvenile justice prevention context are also discussed.
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Introduction 

 

Many phenomena of interest to social scientists do not occur in isolation. Rather, 
they exist as part of a series of “nested” and hierarchical effects. These effects may 
manifest across multiple levels of analysis. Historically, social scientists have studied 
phenomena at only one of these levels at a time. For example in an educational setting, 
researchers have focused solely on the individual, classroom, school or school district. 
Unfortunately, this practice of focusing on only one level can lead researchers to 
incomplete or erroneous conclusions because the standard errors associated with specific 
units of analysis are distorted, and potentially unique and important interaction effects are 
ignored (Croniger, 2000).  

Two simple, intuitive methods utilizing traditional regression techniques are 
sometimes used to import data gathered at one level into a regression analysis that 
examines effects at another. The first is to aggregate all individual-level data into group-
level data, by taking means within groups. Unfortunately, aggregating requires discarding 
all within-group variance information, which can change the nature and strength of 
relationships observed among the aggregated variables, thereby complicating 
interpretations. The second is to disaggregate group-level data into individual-level data, 
by assigning the same group value for each individual in the group. This is an ill-advised 
method because disaggregating violates the assumption of independence, since all 
observations within a group, for each individual, are the same. In fact, two major 
assumptions of linear regression are routinely violated in situations when nested data are 
utilized: Independence and homoscedasticity. Independence is violated due to the fact 
that individuals within groups tend to be more similar to each other than they are to 
individuals from among different groups. Homoscedasticity is violated when the error 
term in the regression equation is made up of both group and individual effects, because 
results in the group component are independent between groups, but perfectly correlated 
within groups (Raudenbush & Bryk, 2002).  

Boyd and Iversen (1979) illustrate, through the use of a concrete example, that 
“…the regression of group variables generally cannot be used to make inferences about 
individual characteristics.” They go on to point out that traditional regression techniques, 
whether observations are made at the individual or group level, invariably require that the 
dependent variable and the independent variables be measured at the same level and that 
as a result these models are, by themselves, not sufficient for studying the impact of both 
individual and group differences on individual-level behavior. Analysis of variance 
(ANOVA) addresses these issues by “dummy coding” group membership into a nominal, 
categorical variable. However, ANOVA has two major limitations. The first is that 
individual-level effects are not identified with specific individual-level variables, and 
group effects are not identified with specific group variables, making it impossible to 
determine which effects at which levels are attributable to which variables at which 
levels. The second is that ANOVA does not account for the possibility that individual-
level effects may vary among groups, and therefore cannot detect the presence of 
interactions between individual and group effects. 

Analysis of covariance (ANCOVA) procedures are profoundly superior to 
ANOVA because they explicitly consider group effects, and are capable of detecting 

 



individual-level effects with specific individual-level variables, as well as interaction 
between individual and group effects. However, they still fall short of being able to 
adequately describe variation among individual-level variables in terms of individual-
level and group-level effects, because they do not identify observed group-level effects 
with specific values of group-level variables and therefore do not differentiate group-
level effects (Boyd & Iversen, 1979).  

In order to successfully discover and accurately study effects among different 
levels, and interaction effects across them, traditional statistical techniques need to be 
adapted. These adaptations must facilitate interpretation within a nested data context 
without violating the basic assumptions governing the statistical techniques from which 
they are derived. New techniques, made possible primarily through the advent of 
statistical software packages and powerful desktop computers, are now allowing 
researchers to study these effects (Raudenbush & Bryk, 2002). A common term for the 
family of approaches that deal with nested data is Hierarchical Linear Modeling (HLM). 
Two frequent nested data situations for which HLM is particularly useful are contextual 
analysis (also referred to as situational analysis or multi-level modeling) and growth 
curve modeling. Contextual analysis treats individuals (level-1 units) as nested within 
groups (level-2 units), which themselves may be nested in other groups (level-3 units, et 
cetera). An important, and somewhat counter-intuitive aspect of contextual analysis, is 
the use of the term individual, which simply refers to the smallest unit of analysis to be 
considered, and need not actually be an individual entity. Growth curve modeling is 
another form of HLM analysis that treats repeated measures of the same outcome as 
being nested within individuals, and is outside the scope of this project (Tate, 1998). 
Further reference to HLM is limited to contextual analysis techniques. 

HLM is, at its core, a series of regression equations. Boyd and Iversen (1979) 
suggest that a major objective of HLM is to “…explain variation in individual-level 
behaviors in terms of individual- and group-level effects.” Other researchers (Yaffee, 
1996; Tate, 1998) explain that HLM couples traditional regression methods with complex 
algorithms that use least squares (OLS) and maximum likelihood (ML) estimation to 
address complex error structures and unbalanced variance components in an effort to 
describe effects that group characteristics have on individual outcomes. Based on a subset 
of variables, HLM estimates the true (i.e. correctly specified) model of the relationship 
between the independent variables and the dependent variable. The true model is a 
theoretical construct that incorporates all variables that affect, and explains all variance 
in, the dependent variable, and contains no random (i.e., error) term. Some researchers 
argue vehemently against the presumption of the existence of a true model, concluding 
that it is both naive and of little to no practical value. Instead, it has been suggested that 
any given dependent variable can be explained in a variety of equally valid ways using 
increasingly conceptually “finer” or “grosser” independent variables (Luskin, 1991). 
Berry (1993) introduces the term “causal distances” and suggests that they are discrete, 
and concludes that simply including theoretically arguably relevant independent variables 
from among several different models at varying “causal distances” in an effort to 
approximate the true model is inappropriate, because the theory which ought to be 
driving the analysis likely takes the form of an explanation at a single causal distance. 
However, in the case of HLM, explanatory theories which cross two or more causal 
distances are explored simultaneously to test individual and interaction effects among the 
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various independent variables, while maintaining theoretical integrity by exploring 
variables at different causal distances during separate stages in the analysis. Rather than 
treating the model as a mathematical dumping-ground for a list of independent variables 
based loosely on theory and largely driven by the convenience with which they can be 
collected in an attempt to generate a single end-all, be-all predictor, HLM preserves the 
discrete nature and explanatory value of each causal distance examined while also 
examining possible interactions among them with regard to their effect on the dependent 
variable. 

According to Berry (1993), most regression texts would capitulate that so-called 
true models are not “fully deterministic” and must therefore incorporate a randomness or 
error term to account for “free will” or “unpredictable events”. The counter argument, of 
course being that the mere presence of a random or error term by definition indicates that 
the model is not a true model, ignores the need for practicality and utility in statistics in 
general, and regression in particular. That being said, when considering these results, it is 
important to consider the use and necessity of the error term. It is the degree to which this 
term is minimized, thereby increasing variability explained by the predictors in the 
model, and not the simple presence or absence of the term itself, which denotes a good or 
useful model. It is also important to remember that because regression techniques (and 
the HLM techniques based on them) are to some extent robust to violations of their 
assumptions, violations should be considered across a continuum of severity rather than 
as present or absent when deciding whether these regression-based techniques are 
appropriate. 

When data are nested, but the dependent variable of interest is dichotomous, 
Raudenbush, Bryk, Cheong and Congdon (2000) describe Hierarchical Generalized 
Linear Models (HGLM) that may be used because HLM techniques are not sufficient. 
Standard HLM techniques are used in two- and three-level models when random effects 
at each level are distributed normally. However, when level-1 outcome data are 
dichotomous, Raudenbush et. al. (2000) present three reasons why HLM techniques are 
not appropriate. First, the level-1 random effect can only take on one of two possible 
values, so that the residuals of these values cannot be normally distributed. Second, the 
level-1 random effect’s variance depends on a predicted value and is therefore not 
homogenous. Third, the predicted value of the dichotomous outcome variable must be 
constrained to only those values between 0 and 1, inclusive, and not permitted to take on 
any real value, because it is a probability. 

For these reasons, HGLM is a more robust, relatively new, multi-level technique 
that is particularly appropriate for situations where the outcome variable is dichotomous. 
The level-1 HGLM model has three components: a sampling model, a link function and a 
structural model. In point of fact, the authors demonstrate that HLM is itself actually “a 
special case of HGLM” in which the sampling model is normally distributed, and the link 
function is the identity link. Because the juvenile justice data presented later as an 
illustration are dichotomous, HGLM techniques are used in the analyses. 

The practical applications for HLM and HGLM techniques are varied, and 
substantial. One area where HLM is often used is in the field of education. Many 
researchers have begun to use HLM to study the effects of student-level variables 
(including poverty, gender, race, special learning needs and prior achievement), teacher-
level variables (including student-to-teacher ratio) and school-level variables (including 
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school size) on student performance (Du & Heistad, 1999). Other areas where HLM has 
been used to study nested data are in the fields of anthropology (Godfrey & Sutherland, 
1996), criminology (Baumer, Lauritsen & Rosenfeld, 1998; Lee & Ulmer, 2000; 
Schwartz & Ackerman, 2001), psychology (Kwon & Laurenceau, 2002; Karno, Beutler 
and Harwood, 2002), sociology (Gonzalez & Griffin, 2002), sports (Kahane, 2001), 
statistics (Morrell, Pearson & Brant, 1997), and even medicine (Loytonen & Arbona, 
1996; Leung, Elashoff, Rees, Hasan & Legorreta, 1998). 

By contrast, HGLM is considerably less prevalent, though not completely absent 
from the literature (e.g. Matteson, Burr, & Marshall, 1998; Kamata, 2001). It seems that 
in social science fields where common phenomena of interest are scored dichotomously, 
HGLM is still relatively new and complex and as a result appears to be avoided by 
researchers who are either ignorant of its existence or relevance, or are too unfamiliar 
with its intricacies to risk the scrutiny of their peers when attempting to interpret their 
results. This project will illustrate the methods, techniques and limitations of conducting 
HGLM analyses using the concrete, ‘real-world’ substantive-area example of juvenile 
delinquency prevention. Hopefully, other criminal and juvenile justice researchers will 
follow suit and begin to understand and use HGLM in appropriate situations to add depth, 
breadth and sophistication to models which attempt to explain the causes of, and thereby 
prevent, crime and delinquency. 

 

Demonstration Data 

 

Example: Substantive-Area Background 

Benson and Rasmussen (1990) suggest that at some level, all citizens are victims 
of crime. Whether it be through paying taxes to support the criminal justice system, 
higher insurance premiums, the diversion of funding from schools to police departments, 
or any of a host of other burdens that the taxpaying citizen must shoulder out of a sense 
of altruistic social responsibility to, or outright fear of, the criminal element of society. 
Within this context, the need for programs geared toward preventing crime among at-risk 
juveniles before they become unsalvageable predatory criminal burdens to society is self-
evident. In Florida, the Department of Juvenile Justice (Department or DJJ) is the state 
agency directly responsible for the maintenance of public safety through the punishment 
and rehabilitation of juvenile offenders. In an effort to take a proactive approach to 
dealing with the problem of juvenile crime, the Department funds a variety of different 
delinquency prevention programs.  

It is a necessary prerequisite of any delinquency prevention program that is to be 
considered effective to measurably prevent delinquency, at least among the population of 
youth actually served. It must do so not only during the time that youth are directly 
served and supervised, but for some established length of time after youth have left the 
program as well. In the absence of doing so, no amount of progress in any other area, 
even those associated with, or identified as, risk factors for delinquency, can be 
considered truly successful. Even so, among those programs that do measurably prevent 
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or reduce delinquency among the populations that they serve, there remains a good deal 
of variability in the quality of these programs. 

Some programs for example, may appear to prevent delinquency very well, until 
closer inspection reveals that none of the youth that they serve exhibit any risk factors for 
delinquency. This phenomenon, often referred to as creaming, results in services being 
directed toward those youth with the greatest chance of success rather than the greatest 
need (and by extension, the greatest risk of failure). This practice may prevent youth that 
are truly at risk for delinquency from gaining access to services they need because 
program slots are filled with youth that are not at risk. With limited resources available to 
combat juvenile delinquency, it is essential to identify programs that most effectively 
serve the most potentially harmful population. 

Therefore, to be among the most effective of its peers, a delinquency prevention 
program must measurably prevent delinquency, and must do so while serving a 
population of youth who actually present multiple risk factors for delinquency in multiple 
domains. Risk factors include (but are not limited to) delinquent siblings, prior 
delinquency history and substance abuse. Domains consist of school, family, individual 
or peers (Hawkins & Catalano, 1992). Among these, the easiest for the Department to 
measure and track is a youth’s prior delinquency history. 

Any time a youth is referred (the juvenile equivalent of an arrest) a record is 
entered into the Department’s electronic database, the Juvenile Justice Information 
System (JJIS). Each time more information is gathered on the youth regarding the 
outcome of that referral, the information is appended to his or her record in the JJIS. It is 
therefore possible to identify whether or not a youth has a history of delinquency that 
predates prevention program participation based on the dates of the referrals. However, 
this information is not available a priori to the program itself, as prevention providers do 
not currently have access to JJIS. As a result, it is up to the Department’s Bureau of Data 
and Research to detect and report both the percent of participants served by each program 
who have any prior delinquency history, as well as the overall seriousness of the prior 
referrals of each offender in the program. Often the percentage of youth in a program 
with prior delinquency referrals, as well as the average overall seriousness of those 
referrals, are used by providers ex post facto in an attempt to explain poor program 
performance and mitigate any resulting negative consequences. 

Research conducted by the Florida Legislature’s Juvenile Justice Accountability 
Board (JJAB, 1999) using logistic regression techniques revealed that overall, youth with 
prior delinquency histories enrolled in prevention programs in the state are anywhere 
from two- to seventeen-times more likely to be referred for delinquency within one year 
of release from the program than are their peers who have no prior delinquency histories.  

What remains unclear, however, is the extent to which the co-mingling of 
delinquent and non-delinquent populations within the same program environment effects 
either population. Using HGLM techniques, the purpose of this study is to serve two 
related functions. First, as a teaching tool designed to demonstrate the application, use 
and effectiveness of HGLM to the substantive area of juvenile justice research. And 
second, as a method of determining whether or not the hypothesized effects are present, 
and detectable within the sample data. 
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Example: Sample Selection 

In Florida, delinquency prevention programs fall into two major categories that 
are based on the way that they are primarily funded. Programs under contract with the 
Department to provide services to youth, and programs that are funded through grant 
awards. The contracted programs have the opportunity to develop and cultivate a 
working, institutional knowledge of the specific risk and protective factors present in 
their communities and can structure programming to recruit youth from the target 
population that present those specific risk factors. Grant-funded programs, on the other 
hand, can only obtain funding from the Department of Juvenile Justice for a maximum of 
three years, because grants are intended to serve as seed money for local communities to 
develop and eventually fund and operate their own prevention initiatives.  

Archival data make it possible to access participant-level and program-level 
information on every program funded from either group during Fiscal Year 1998-99 (July 
1, 1998 through June 30, 1999, inclusive). Even so, due to the relatively limited scope of 
this project and the time constraints present, for this analysis data from a single 
contracted provider made up of over 50 individual programs were used. 

Example: Data Collection, Cleaning, Matching and Preparation 

All data necessary for the analyses are stored electronically. Participant data are 
reported by each program to a state headquarters office, and then submitted on an annual 
basis to the Department of Juvenile Justice (DJJ), usually in Microsoft Access format. 
Matches are made between this list of participants, and an SPSS file containing an extract 
of data from the department’s Juvenile Justice Information System (JJIS). Using SPSS 
and probabalistic record linkage matching among 7 different variables included in both 
files (Social Security Number, First Name, Last Name, Date of Birth, Race, Gender, 
Home County) matches, probable matches and non-matches are identified. Records 
matching on all 7, or any 6 of these variables are considered a match. Records matching 
on 5 or 4 variables are considered probable matches and examined by hand on a case-by 
case basis to determine whether the records from both sources actually reference the 
same individual. Records matching on 3 or fewer variables are considered non-matches.  

A match indicates that the youth in question has, at some point in his life, been 
referred (which is the juvenile equivalent of an arrest) to the Department. Offense 
histories for youth who matched were obtained from a JJIS extract and used to determine 
whether the date of each referral occurred before (Prior), during (Offense during 
supervision or ODS), or within 6 months after termination of (Recidivism) program 
participation. Each of these three variables (Prior, ODS and Recidivism) was 
dichotomously scored based on its presence or absence for each youth. SPSS and HLM 5 
were used to prepare, match and ultimately analyze the data. 

These data are commonly collected and used by DJJ to model program-level 
accountability-based performance. The types of data available for archival analysis are 
largely driven by convenience and the ease with which they can be collected rather than 
for reasons of theoretical relevance. For reasons of practicality, because Florida is such a 
large state with over 10,000 referrals to the juvenile justice system annually, data tend to 
be collected by DJJ for purposes geared toward management, treatment and punishment 
of offenders rather than empirical research. Serendipitously, there are theoretical 
justifications that support the inclusion of some of these variables (either directly or as 
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proxies), despite this. For example, Traub & Little (1980) describe the theory of 
differential identification in which a “…a person pursues criminal behavior to the extent 
that he identifies himself with real or imaginary persons from whose perspectives his 
criminal behavior seems acceptable.” This theory justifies the inclusion of REFP and 
PRIORSAT variables in the analysis. Empirical research conducted by the JJAB and DJJ 
provides justification for the inclusion of the rest of the variables. 

The variables that will be considered in later analysis are presented in Table 1, 
along with a brief explanation of their meaning.  

 

Methods 

 

Purpose 

Using a Hierarchical Generalized Linear Modeling (HGLM) approach, the degree 
to which a program’s saturation (in this case, percent) of youth who have prior 
delinquency histories impacts the program’s effectiveness (i.e. lack of delinquency 
adjudication after release) among those youth who do not have any history of prior 
delinquency will be examined. The assumption is that co-mingling youth with priors and 
youth without priors depresses the success rate that might otherwise be observed among 
youth without priors, and does so as a function of the degree to which the program is 
saturated with youth who have prior delinquency referrals. Because the programs under 
investigation are voluntary prevention programs, answering this question is important in 
terms of determining both whom to serve, and how best to serve them. A general 
description of the steps used in this type of analysis will be followed by the specific 
example using delinquency prevention data, in the results section.  

Preliminary Analysis 

Both Tate (1998) and Raudenbush and Bryk (2002) each outline a similar series 
of steps toward a thorough analysis of data using Hierarchical Modeling (linear or 
general). These steps include sampling and data collection, univariate frequency 
distributions (and scatterplot inspections using the outcome variable of interest) for each 
program of all potential level 1 variables, model specification (unconditional and 
conditional), parameter estimation and testing, observation of residuals and testing of 
their variance. These preliminary analyses are important when attempting to determine 
whether HGLM techniques are appropriate for the data at hand. This appropriateness is 
presumed for the present case, which focuses on teaching the reader how to conduct and 
interpret HGLM analyses using an available data set for the purpose of illustration. 
Researchers are nonetheless encouraged to explore data for potential outliers and 
violations of assumptions prior to conducting HGLM analyses. 
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Table 1 
   

Description of Available Variables   

Variable Name Metric Definition Coding 

GENDER Dichotomous Gender of participant 0=Male, 1=Female 

LOS Ratio Length of stay in program Measured in days 

SUSCOMPL Dichotomous 
Completion status (completed or did not complete) of 
participant 

0=Did not complete, 1=Successful completion 

REFP Dichotomous 
Whether or not a participant had a delinquency referral prior to 
admission to the program 

0=No prior referrals, 1=At least one prior referral 

AGEADMIT Ratio Age, in years, of a participant upon admission to the program Measured in years 

NEWRACE Dichotomous Race (white or non-white) of a participant 0=White, 1=Non-white 

PCTWHITE Ratio 
Program-level percentage of participants released who were 
white 

Percentage from 0 to 100 

PROGSAT Ratio 
Program-level percentage of participants released who had a 
delinquency referral prior to admission to the program 

Percentage from 0 to 100 

REFA Dichotomous 
Whether or not a participant had a delinquency referral within 
6 months of exiting the program 

0=No referral after release, 1=At least one referral after 
release 

 



Hierarchical Generalized Linear Model (HGLM) Analysis 

 
From among the family of Contextual Analysis HLM-type models, a two-level 

Hierarchical Generalized Linear Model (HLGM) model will serve as the primary 
analysis. This is because HLM, like regression, assumes that the random effects for each 
level are normally distributed. In this instance, however, since the outcome variable is 
dichotomous, its residuals cannot be normally distributed. Therefore, HGLM (of which 
HLM can be viewed as a special case where the sampling model is normal and the link 
function is the identity link) is required. The relationship between HLM and HGLM is 
akin to the relationship between Linear Regression and Logistic Regression. Technically 
speaking, HLM is actually a special case of HGLM. It is, however, perhaps easier to 
ignore this somewhat counter-intuitive theoretical fact and in order to build a better 
analogy proceed as if the reverse were true. In an applied sense, it is easiest to think of 
HGLM as a form of HLM where the outcome variable is dichotomous. In this respect, the 
relationship is akin to that of linear and logisitic regression. The difference being that 
HLM and HGLM have the added dimension of the level 2 equations which make the 
analysis hierarchical. 

As in linear regression, logistic regression techniques use one or more 
independent variables to model the outcome of a dependent variable. They can be used to 
provide statistical control in estimating the effect of other independent variables, improve 
the precision of prediction of the outcome or dependent variable, represent functional 
complexities and even interactive relationships between other variables (Tate, 1998). 
HGLM uses independent variables in much the same way while incorporating an 
additional hierarchical structure on them when modeling the outcome represented by the 
dependent variable.  

Traditional linear regression techniques generate beta-coefficients that are 
themselves directly interpretable as effects of a given independent variable on the 
dependent variable. However, the beta-coefficients generated using logistic regression, 
and HGLM by extension, must be transformed in order to have useful interpretations. 
This stems from the fact that in the logistic regression analysis itself, the value of the 
dichotomous dependent variable is transformed from its raw score into a probability. The 
transformation used in HGLM coefficient interpretation is exponentiation. The constant e 
(a mathematical constant used for calculations involving growth and decay) is raised to 
the power of the coefficient. The value of e is approximately 2.71828. It represents the 
base of the natural log and is a transcendental number (i.e. a number which is real, but 
which cannot be expressed as the root of a polynomial expression). After exponentiating 
the coefficients generated with HGLM, the resultant values may then be meaningfully 
interpreted using odds-ratios. 

Odds-ratios are an important facet of HGLM and the logistic regression 
techniques on which it is based. The odds of “success” are defined as the ratio of the 
probability of “success” (y=1) to the probability of “failure” (y=0). An odds-ratio, in 
turn, is the ratio of the odds of “success” for two different values of a specified 
independent variable, holding constant the values of any other independent variables 
(Tate, 1998). This is a particularly useful arrangement when the independent variable in 
question is also dichotomous and makes interpretation simple and straight-forward. 

 



HGLM takes the structure of the logistic regression model and the interpretations of 
results based on it and adapts them to a situation where the data are hierarchical. In so 
doing, models are generated at both level-1 and level-2. According to Raudenbush, Bryk, 
Cheong and Congdon (2000) the level-1 model in HGLM consists of 3 parts: 

• Sampling Model (Binary Outcome) 

,)( ijijijij mYE ϕϕ =               and               )1()( ijijijijij mY ϕϕϕ −=Var  

where i is an individual and j is a group and  is the number of trials for the ith 

member of the jth group (equal to 1 in the present Bernoulli case) and 

ijm

ijϕ  is the 

probability of “success” for a for the ith member of the jth group. 

• Link Function (Logit Link) 

,
1

log 










−
=

ij

ij

ij ϕ
ϕ

η  

where  ijη   is the log-odds of success. 

• Structural Model 

pijpjijjijjjij XXX ββββη +⋅⋅⋅+++= 22110  

For the ith individual in the jth group, the probability of Yij = 1, is denoted ijϕ , and the 

odds of Yij = 1 is denoted and is defined as),( jij WXΩ ]1/[ ijij ϕϕ − . The value  is the 

value for the ith person in the jth group on the pth level-1 independent variable in the model, and W  is 

the score for the jth group on pth level-2 independent variable in the model. The probability and odds 
of Y

pijX

pj

ij =1 are computed in the following way using : ijη

)exp(1

)exp(

ij

ij

ij η
η

ϕ
+

=  

)exp(),( ijjij WX η=Ω  

where exp indicates the exponentiation  (the inverse of the natural log transformation) of 
the terms in brackets (Tate, 2003). 

HGLM analyses are typically conducted as a series of iterative steps toward a 
final model. The steps involved in such “model-building” are somewhat discretionary and 
are often governed by the extent to which the investigation is exploratory or confirmatory 
in nature, which in turn is often governed by what if any theory is driving the analyses as 
well as the data on hand. Even so, there remains some degree of uniformity to these steps 
across situations. First, an unconditional model is specified using no predictors at any 
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level. If that model proves an insufficient predictor of the outcome variable in its own 
right, a model that is conditional only at level 1 is analyzed. This step may involve testing 
multiple models after removing the random error term from one or more of the equations 
for the beta coefficients. If reliability coefficients among the models that are conditional 

at level-1 only are high, and theory provides for possible reasonable explanatory variables 
at level 2, a fully conditional model containing predictors at both levels is tested. This 
process may also involve examining several variations in the placement of the level-2 
predictor variables within the equations for the beta coefficients, leading to the final 
model. 

Unconditional Model 

A first step in HGLM analysis is to explore the magnitude of variation among 
level 2 units with regard to the outcome variable by estimating an unconditional model 
(one which contains no predictors at level 1 or level 2). The resulting unconditional 
model takes a level 1 model of the form  the log-odds of “success” for an 

average person in level 2 unit j with a level-2 model of the form 

== jij 0βη

,0000 jj u+= γβ ),0(~ 000 τNu j

 

where 00γ  is the average log-odds of “success” and u  is the random effect. j0

In the case of a dichotomous dependent variable, a non-linear relationship 
between ijη and the probability of “success” results in a disparity between a “typical” 

level 2 unit probability of “success” and the population-wide “success” rate estimate. A 
conditional model may then be tested using theory-based independent variables as 
predictors of . ijη

Conditional Model (Level 1 only) 

Level 1 Model Specification 

When conducting confirmatory HGLM analyses, theory-driven independent 
variables are introduced at level 1 to create a model where “success” is conditional on the 
values taken-on by the independent variables. The level 1 structural model produced is of 
the following form: 

pijpjijjijjjij XXX ββββη +++= ...22110 . 

Level 2 Model Specification 

In HGLM analyses, the intercept and slopes in the level 1 model become the 
outcome variables of the level 2 models. The equations for each of the betas, and 
interpretations for their constituent elements when the level 2 model remains 
unconditional, are expressed: 
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jj u0000 += γβ  

jj u1101 += γβ  

jj u 2202 += γβ  

… 

pjppj u+= 0γβ  

where the pjβ are slopes, (except for j0β  which is the level-1 intercept) the 0pγ are the 

group intercepts (except for 00γ  which is the average of the group intercepts) and are 

the random effects associated with a specified level-1 variable (except for  which is 

associated with the intercept). 

pju

j0u

At this point, multiple iterations of the level 1 conditional model can be tested 

removing unique effect term,   from any level two equation where its variance is not 

significant. The presence of a unique or random effect term in a level 2 equation implies 
that the impact of the level 1 variable (or intercept) varies according to the level 2 
program being considered. If the variance for any such effect is significant, level 2 
independent variables are then introduced to produce the fully conditional model in an 
attempt to explain that variability. 

pju

Fully Conditional Model 

Level 1 Model Specification 

The level 1 structural model produced is identical to the one presented above. 

Level 2 Model Specification 

Independent variables thought to impact an individual’s “success”, but which are 
measured at the program level, are introduced in the level 2 segment of the analysis. The 
equations for each of the betas, and their constituent elements, are expressed: 

 

jpjpjjj uWWW 00202101000 ... +++++= γγγγβ  

jpjpjjj uWWW 10212111101 ... +++++= γγγγβ  

jpjpjjj uWWW 20222121202 ... +++++= γγγγβ  

… 

pjpjpjpjpppj uWWW +++++= 022110 ... γγγγβ . 
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Note the addition of W  which represents the score of the jth group for the pth 

level-2 predictor variable. In practice, level 2 independent variables are often not present 
in all level 2 equations. When unique effects variances are not significant during the 
testing of the model that is conditional only on level 1, they are generally not modeled 
within the fully conditional model either. 

pj

 

Results 

 

Sample Definition and Descriptive Statistics 

Due to the limited nature of archival data available, the goal of correct 
specification may not be tenable. Instead, this analysis serves as both a teaching tool and 
an exploratory first step toward correct specification using the HGLM model presented. 
Therefore, the model has been constrained to two level-1 and two level-2 independent 
variables. This serves to reduce the complexity of the model for illustrative purposes, 
while still affording the reader the opportunity to study a model with a sufficient number 
of terms for generalizing to the unique circumstance of the data with which they may be 
working. From among those that were available, the variables selected for inclusion in 
the model are driven both by underlying theory as well as the results of the preliminary 
confirmatory logistic regression analysis presented in Appendix A. 

To that end, a total of five variables were used in the analyses leading to the 
eventual construction of the HGLM model. These variables include SUSCOMP, REFP, 
REFA, PRIORSAT and PCTWHITE. SUSCOMPL identifies whether a youth was 
determined by the program itself, to have successfully completed the program. REFP 
indicates whether or not the youth had a referral prior to entering the program. The 
reasons for including these variables as level-1 predictors of recidivism will be self-
evident to those who are well-versed in delinquency research, but they bear repeating 
here. Youth who successfully complete a program are often considered to have received 
the full benefit of the program, while youth who fail to complete or who drop (or are 
kicked) out of a program do not (JJAB 1998,1999). To the extent that receiving the full 
benefit is related to subsequent delinquency, failing to control for it in the model is likely 
to obfuscate the relationship between recidivism and any other independent variables. 
Similarly, youth with prior referrals have been shown to be anywhere from 2.6 to 6.6 
times more likely to recidivate than their peers who did not have any prior referrals upon 
entering the program (JJAB, 1998). Both of the independent variables to be used at level-
1 are dichotomous. 

The level-2 independent variables to be included in the model are both ratio-scale. 
PRIORSAT is a measure of the percentage of youth in the program who have a prior 
delinquency referral. This variable is referred to conceptually as program saturation, and 
is the focus of this analysis. Research has clearly demonstrated that the likelihood of 
recidivism increases in the presence of a prior referral at the individual level. The 
inclusion of this variable is intended to explore whether this effect manifests itself at 
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level-2 as a function of a program’s saturation of youth with prior referrals. PCTWHITE 
is the percentage of youth attending the program who are Caucasian. Research conducted 
by the JJAB and by DJJ indicates that there is a negative-slope, linear relationship 
between restrictiveness-level and the percent of Caucasian youth in a program. Table 2 
presents the descriptive statistics for both the level-1 and level-2 independent variables. 

 

Table 2      

HGLM Descriptive Statistics    

Level - 1 Descriptive Statistics 

Variable  N Mean sd Minimum Maximum 

Completion status 8,514 0.48 0.50 0 1 

Referral prior 8,514 0.23 0.42 0 1 

Subsequent referral 8,514 0.09 0.28 0 1 

Level - 2 Descriptive Statistics 

Variable  J Mean sd Minimum Maximum 

Program saturation 31 0.21 0.07 0.11 0.50 

Percent of white youth 31 0.69 0.13 0.35 0.87 

 

As indicated in the table above, 48% of the youth successfully completed the 
program in which they were enrolled, and 23% had prior referrals when they entered the 
program. The table also indicates that the percentage of youth with a prior referral ranged 
from 11% to 50% with a mean of 21%, and the percent of Caucasian youth ranged from 
35% to 87% with a mean of 69%. In addition, although the provider is made up of more 
than 50 individual programs, J = 31 due to the exclusion of any program with fewer than 
15 youth released during the time period. 

Because both of the level-1 variables are dichotomous, scatterplots for each 
school would not be a useful way of determining whether or not outliers exist. However, 
a table can be constructed to determine if any of the resultant cells contain unacceptably 
low frequencies. Table 3 compares youths’ prior offenses to offenses within 6 months of 
release. Table 4 compares youths’ completion status with offenses within 6 months of 
release. 
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Table 3     
Referral Prior by Subsequent Referral 
Contingency Table   

    Youth referred prior to enrollment   

  No Yes Total 

No 6,398 1,386 7,784 
Youth referred 
within 6 months 

of release 
Yes 164 566 730 

  Total 6,562 1,952 8,514 

 

 
 

The cell that contains the lowest value is youths who offended within 6 months of 
release but had no prior referrals when they entered the program (164). None of the cells 
have frequencies that are too low to conduct analyses.  
 
 
 
Table 4     

Completion Status by Subsequent Referral 
Contingency Table   

    Youth successfully completed the program   

  No Yes Total 

No 3,931 3,853 7,784 
Youth referred 

within 6 
months of 
release 

Yes 434 296 730 

  Total 4,365 4,149 8,514 

 
 
 

Program-level logistic regression analyses of referral prior and completion status 
were conducted for each of the 31 programs. The coefficients were examined and are 
presented in the table below. See Appendix B for SPSS results of a preliminary 
exploratory analysis of these data using logistic regression techniques.  
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Preliminary Analyses 
 

In addition to reviewing the descriptive statistics for the variables used in the 
analysis, logistic regression analyses were conducted independently for each of the 31 
programs. The beta coefficients for each model, and their standard errors, are presented in 
the table below. 
 
 

Table 5         

Logistic Regression Results by Program     

Program Constant   Referral Prior   Completion Status 

 Beta SE  Beta SE  Beta SE 

1 -11.203 56.47 11.203 56.47 0 1.633

2 -4.549 0.667  3.75 0.626  0.121 0.472

3 -3.877 1.084  3.807 1.157  -0.894 0.961

4 -3.789 0.448 3.072 0.467 -0.524 0.394

5 -12.799 55.177 11.007 55.174 1.232 1.249

6 -4.049 0.396 2.596 0.409 0.029 0.383

7 -3.902 0.613 2.324 0.674 -0.128 0.669

8 -3.11 0.474 2.769 0.445 -0.283 0.471

9 -2.237 0.39 1.465 0.471 -1.124 0.436

10 -3.315 0.145 2.603 0.163 0.119 0.174

11 -2.773 1.031 1.386 1.521 -7.89 53.381

12 -3.822 0.939 3.042 0.891 0.024 0.883

13 -2.811 1.138 2.306 0.996 -1.195 1.268

14 -4.385 0.495 3.32 0.516 -0.42 0.445

15 -3.715 0.55 2.365 0.513 0.8 0.566

16 -3.446 0.396 2.498 0.454 0.005 0.459

17 -3.152 0.755 2.409 0.671 -0.463 0.759

18 -12.471 59.475 11.49 59.475 -1.099 1.01

19 -23.242 162.811 12.234 106.907 11.007 122.8

20 -5.024 0.078 4.693 1.038 -0.331 0.575

21 -4.643 0.741 3.671 0.769 -0.085 0.544

22 -12.203 115.287 10.411 115.292 NA NA

23 -11.821 30.159 11.336 30.16 -0.731 0.603

24 -4.481 1.037 3.074 0.925 0.144 0.958

25 -2.011 0.41 1.485 0.541 -1.104 1.092

26 -2.481 0.245 1.915 0.318 -0.544 0.405

27 -4.159 0.785 2.924 0.848 -0.277 0.793

28 -3.84 0.866 3.773 0.816 0.103 0.725

29 4.591 1.016 3.411 0.677 0.375 0.868

30 -12.366 161.45 12.366 161.456 -11.196 190.862

31 -2.929 0.861  0.633 1.275  -0.573 1.259

 
 
In all but one of the program models where the beta coefficients were statistically 

significant, the direction was consistent, and in the direction expected. For referral prior, 
the direction is positive, indicating that whether or not a youth has a prior referral is 
positively related to the probability that he will be referred within six months of release. 
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Successful completion, while negatively related to the probability of a referral within 6 
months, was significant in only one of the 31 models examined. Under normal conditions 
where the goal of an analysis is correct specification of the model, completion status 
would not be used in the HGLM analyses because it is not a significant predictor of 
recidivism at the individual level among the vast majority of these programs. However, 
for the purposes of illustrating how to construct a model and interpret the results 
generated by testing it, completion status can still serve a useful purpose and is therefore 
included in subsequent analyses.  

Several of the programs had small sample sizes, which resulted in small numbers 
of youth with referrals within 6 months of release. According to Bryk and Raudenbush 
(1992) “Implausible results rising from units with small sample sizes are not a problem 
because the estimation methods…are robust in this regard.” Therefore, programs that had 
non-significant beta coefficients where there were only one or two youth who were 
referred within 6 months of release can be included in the overall HGLM analysis. 
PROGSAT and PCTWHITE do not contain any within group variance and so were not 
included in the program-level logistic regression analyses. Instead, frequency 
distributions were examined (See Appendices A and B). PRIORSAT exhibits a small 
degree of lepto-kurtosis and left-skew, while PCTWHITE shows only minimal plato-
kurtosis and right-skew, neither of which would indicate that these variables should not 
be used for HGLM analyses. 
 

Hierarchical Generalized Linear Model (HGLM) Analysis 

 
From among the family of Contextual Analysis HLM-type models, a two-level 

Hierarchical Generalized Linear Model (HLGM) model served as the primary analysis. 
This is because HLM, like regression, assumes that the random effects for each level are 
normally distributed. In this instance, however, since the outcome variable (REFA - 
whether or not a youth had a delinquency referral within 6 months of release from the 
program) is dichotomous, its residuals cannot be normally distributed. Therefore, HGLM 
(of which HLM can be viewed as a special case where the sampling model is normal and 
the link function is the identity link) was required. The relationship between HLM and 
HGLM is akin to the relationship between Linear Regression and Logistic Regression. 

Using the HLM 5 software, the model described above was entered and an 
HGLM analysis was performed. For detailed instructions on how to specify a Bernoulli 
model using HLM 5.0, see chapter 6 of Raudenbush, Bryk, Cheong and Congdon (2000). 
The full output of the HGLM Bernoulli model analysis provided by the HLM software 
for each of the models tested appears in Appendices C through H. 

Unconditional Model 

A first step in HGLM analysis is to explore the magnitude of variation among 
programs with regard to recidivism by estimating an unconditional model (i.e. one which 
contains no predictors at level 1 or level 2). The resulting unconditional model takes the 

form jij 0βη =  which is the log-odds of recidivism for a representative (average) 

participant in program j with a level-2 model of the form: 
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,0000 jj u+= γβ ).,0(~ 000 τNuwhere j

 

In the unconditional level-2 model, 00γ  is the mean-over-programs of the log-

odds of recidivism for a representative participant in the programs, while 00τ  is the 

variance between programs in program-average log-odds of recidivism. Table 6 presents 
the key information from this analysis. The full results can be found in Appendix D. 

 

Table 6     

Unconditional Model Results    

Fixed Effects  Coefficient se t Ratio   

Intercept,   β0     

Intercept,  γ00 -2.545 0.092 -27.78  

     

Random Effects 
Variance 

Components 
df χ2 p value 

Intercept,   u  0 0.4 30 172.97 0.000 

 

The analysis produces an estimated result of   = -2.54 (se = 0.092). As a result, 

a program with a “typical” recidivism rate (with a random effect of u = 0) has an 

expected log-odds of recidivism of -2.54 and a corresponding odds of exp{2.54} = 0.079 
which is about 1 to 13, with a resultant probability of 1/(1 + exp{2.54}) = 0.073.  

00

^

γ

j0

This estimated value for the “typical” probability when the program-level random effect 
is 0 is considerably lower than the population estimate of recidivism rate of .085 and can 
be attributed to a non-linear relationship between the log-odds of recidivism and the 
probability of recidivism. It is therefore appropriate to proceed using a conditional 
HGLM model which models recidivism (REFA) using relevant independent variables. 

Conditional Model (Level-1 only) 

Level 1Model Specification 

The HGLM within-program (level 1) model was specified expressing the 
individual outcome of REFA (a dichotomous variable) as a function of a subset of the 
participant-level variables that were determined to be significant contributors based on 
the preliminary logistic regression analysis. These included completion status 
(SUSCOMPL) and referral prior to program (REFP). No level 2 predictors are 
incorporated at this stage of the analysis, thus, the model is conditional only at level 1. 

SUSCOMPL was recoded for the HGLM analysis so that 0 = successful and 1 = 
unsuccessful so that a “reference person” (defined by the intercept) would have 
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generally-accepted “positive” outcomes when both independent variables were 0. This 
will also make interpretations of the HGLM output less complicated within the context of 
the hypothesis.  

The level 1 structural model produced is of the following form: 

ijjijjjij XX 22110 βββη ++=  

where  

ijη  is the predicted log-odds of referral (REFA=1) within 6 months of release from the 

program for individual i in group j, 

j0β  is the log-odds of referral (REFA=1) within 6 months of release from the program 

for a participant in program j who successfully completed the program and had no prior 
referrals (reference person) in program j, 

j1β  is the effect of SUSCOMPL on the log-odds of referral (REFA=1) within 6 months 

of release from the program in program j, 

j2β  is the effect of REFP on the log-odds of referral (REFA=1) within 6 months of 

release from the program in program j, 

ijX1  is the score for the ith person in the jth group on the variable SUSCOMPL, and 

ijX 2   is the score for the ith person in the jth group on the variable REFP. 

As a point of technical information, it should be noted here that HLM 5.0 affords 
researchers the opportunity to use a technique known as “centering” (around the group 
mean or the grand mean), where individual-level variable values may be transformed and 
expressed as deviations from their respective group means or the grand mean. Similarly, 
program-level variables may be transformed and expressed as deviations from the grand 
mean.  Kreft, de Leeuw, and Aiken (1995) investigated the effects of different forms of 
centering in hierarchical linear models (versus using the raw data) and argue that there is 
no statistically correct choice among the different types of centering or the use of raw 
values.   

Furthermore, Heinrich & Lynn (2000) demonstrate, by way of an example 
involving comparison of HLM with OLS techniques in the area of governance, that when 
all of the variables included in a model are binary variables, centering is not 
advantageous. Consequently, none of the level 1 variables in this analysis were centered, 
but rather the raw values were used.  

Level 2 Model Specification 

In HGLM analyses, the intercept and slopes in the level 1 model become the 
outcome variables of the level 2 models. The equations for each of the betas, and 
interpretations for their constituent elements, are expressed: 
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jj u0000 += γβ  

jj u1101 += γβ  

jj u 2202 += γβ  

where 

00γ  is the average log-odds of recidivism across programs for a representative participant 

in the programs, 

10γ  is the mean over programs of the effect of SUSCOMPL on the log-odds of referral 

(REFA=1) within 6 months of release from the program, 

20γ  is the mean over programs of the effect of REFP on the log-odds of referral 

(REFA=1) within 6 months of release from the program, 

ju0  is the unique effect of program j on the log-odds of referral (REFA=1) within 6 

months of release from the program for a reference person, 

ju1  is the unique effect of program j on the effect of SUSCOMPL on the log-odds of 

referral (REFA=1) within 6 months of release from the program in program j, and 

ju2  is the unique effect of program j on the effect of REFP on the log-odds of referral 

(REFA=1) within 6 months of release from the program in program j. 

The combined model is generated by substituting the equations for the betas into 
the level 1 model and takes the following form. 

ijjijjijjij ruXuXu ++++++= 02220111000 )()( γγγη
 

Appendices E and F provide the HGLM output for the results of the HGLM 
analyses using the conditional model. The first model (Appendix E) incorporates u  and 

 into the level 2 model. However, the variance of the SUSCOMPL slope, u , was not 

significant (with a p-value of  >.500) so the model was modified by removing it and a 
new analysis was conducted (Appendix F). 

1

2u 1
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Table 7     

Conditional Model (Level-1 Only) Results    

Fixed Effects  Coefficient se t Ratio   

Intercept,   β0     

Intercept,  γ00 -3.755 0.164 -22.9  

Completion status slope,  β1     

Intercept,  γ10 -0.191 0.093 -2.066  

Referral prior slope,  β2     

Intercept,  γ20 2.888 0.17 16.989  

     

Random Effects 
Variance 

Components 
df χ2 p value 

Intercept,    0u 0.379 30 87.263 < 0.001 

Referral prior slope,  u  2 0.397 30 61.655 0.001 

 

The output produced using HGLM is broken into four parts. The first presents 
descriptive information about the data and the model, the second gives the OLS least 
squares estimate, the third gives the linear model with identity-link function estimate, and 
the fourth gives the non-linear model with logit-link function for the data analyzed. 
Because this analysis is for dichotomous data, sections 2 and 3 are of little use and will 
not be discussed. They are present largely as an historical artifact from a time when the 
HLM software was relatively new as a way for researchers to compare the results 
produced by HLM against those using OLS. In cases where HGLM is being used, 
however, they are ignored because the dichotomous case does not lend itself to a linear 
interpretation using HLM or OLS, but instead uses Maximum Likelihood estimation 
techniques. Sections 2 and 3 are useful when conducting HLM analyses, but comparing 
them to section 4 of the output for an HGLM analysis is “apples-to-oranges.” 
Section 4 of the output for HGLM analysis is further subdivided into 2 parts. The first is 
the unit-specific model and the latter the population-average model. The unit-specific 
model is used when researchers are primarily interested in how a change in W affects a 
particular program’s mean. The population-average model would be used when 
researchers are more interested in how a change in W affects the overall population 
mean. In this case, the unit-specific model is more appropriate, although conclusions 
based on the result do not differ.  

After examining the output for the model which is conditional at level 1 only, a 
model which is conditional at both level 1 and level 2 is estimated using group level 
variables to estimate the coefficients for the intercept and the REFP slope in the level 1 
model. 

21  



Fully Conditional Model (Level 1 and Level 2 conditional)  

The level 1 structural model produced is identical to the one presented above and 
is of the following form: 

ijjijjjij XX 22110 βββη ++= . 

Level 2 Model Specification 

 Variables measuring Program Saturation and Race are introduced in the level 2 
segment of the analysis. The equations for each of the betas, and interpretations for their 
constituent elements, are expressed below. Note that there is no random error term in the 
model for estimating  because the variance of the term was not significant during the 

previous analysis. Because the coefficient does not vary across program, there is also no 
reason to predict it as a function of the level 2 independent variables, so they have also 
been removed from the equation for the slope of SUSCOMPL and take the form: 

j1β

jjjj uWW 0202101000 +++= γγγβ

101 γβ =j  

jjjj uWW 2222121202 +++= γγγβ  

where 

00γ  is the log-odds of referral (REFA=1) within 6 months of release from the program 

for a reference person in a reference group (i.e. PRIORSAT = mean and PCTWHITE = 
mean), 

01γ  is the independent effect of PCTWHITE on log-odds of referral (REFA=1) within 6 

months of release from the program for a reference person in group j, 

02γ  is the independent effect of PRIORSAT on log-odds of referral (REFA=1) within 6 

months of release from the program for a reference person in group j, 

10γ  is the effect of SUSCOMPL on the log-odds of referral (REFA=1) within 6 months 

of release from the program for a reference program, 

20γ  is the effect of REFP on the log-odds of referral (REFA=1) within 6 months of 

release from the program for a reference program, 

21γ  is the independent effect of PCTWHITE on the effect of REFP on the log-odds of 

referral (REFA=1) within 6 months of release from the program, 

22γ  is the independent effect of PRIORSAT on the effect of REFP on the log-odds of 

referral (REFA=1) within 6 months of release from the program,  
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jW1  is the percent of youth who are white in program j (Grand mean centered), 

jW2  is the saturation level (percent) of youth with priors in program j (Grand mean 

centered), 

ju0  is the unique effect of program j on the log-odds of referral (REFA=1) within 6 

months of release from the program for a reference person in group j, and 

ju2  is the unique effect of program j on the effect of REFP on the log-odds of referral 

(REFA=1) within 6 months of release from the program for a reference person in group j. 

 The combined model is generated by substituting the equations for the betas into 
the level 1 model and takes the following form. 

202222212122011020210100 uuXWXWXXWW ijjijjijijjjij ++++++++= γγγγγγγη

Table 8 presents the results from the fully conditional model analysis. Full results can be 
found in Appendix G. 

 

Table 8     

Fully Conditional Model Results    

Fixed Effects  Coefficient se t Ratio   

Intercept,   β0     

Intercept,  γ00 -3.753 0.15 -25.08  

Percentage of white youth,  γ01 0.027 1.063 0.026  

Program saturation,  γ02 4.691 1.700 2.759  

Completion status slope,  β1     

Intercept,  γ10 -0.187 0.093 -2.019  

Referral Prior slope,  β2     

Intercept,  γ20 2.878 0.153 18.847  

Percentage of white youth,  γ21 -0.891 1.127 -0.791  

Program saturation,  γ22 -4.860 1.805 -2.693  

     

Random Effects 
Variance 

Components
df χ2 p value 

Intercept,   u  0 0.258 28 57.479 0.001 

Referral prior slope,   2u 0.245 28 43.846 0.029 
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In reviewing table 8, it is evident that the percentage of white youth is not 
significant. This analysis leads to a final conditional model that removes all the non-
significant independent variables from the analysis, leaving only completion status, 
referral prior, program saturation and subsequent referral and is of the form:  

 

2022222201020200 uuXWXW ijjijjij ++++++= γγγγγη

 

 

Table 9     

Final Model Results     

Fixed Effects  Coefficient se t Ratio   

Intercept,   β0     

Intercept,  γ00 -3.752 0.147 -25.59  

Program saturation,  γ02 4.669 1.657 2.818  

Completion status slope,  β1     

Intercept,  γ10 -0.183 0.093 -1.968  

Referral prior slope,  β2     

Intercept,  γ20 2.882 0.152 19.013  

Program saturation,  γ22 -4.701 1.792 -2.623  

     

Random Effects 
Variance 

Components 
df χ2 p value 

Intercept,   u  0 0.237 29 57.087 0.002 

Referral prior slope,  u  2 0.239 29 45.731 0.025 

 
Note that HLM software automatically reassigns subscripts to the coefficients in 

the new model. However, for the sake of consistency, the original subscripts to the 
gammas from the previous model have been restored.  

 

Interpretations based on the Individual Parameters 
 

In an unpublished manuscript, Tate expresses concern over current practice when 
reporting HGLM results when models contain level 2 terms that produce level 1 slopes as 
outcomes. Specifically, he argues that a detailed description of simple effects requires 
more than simply interpreting the individual parameters in the interactive model because 
this ignores the complex interactive effects present by focusing only on “main effects” 
where the values of all independent variables except the one being described are held 
constant at an average or reference value. To illustrate this point, the results of this 
analysis will be presented first according to the traditional method using interpretations 
based on individual parameters and then using the simple effects descriptions. 
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The first parameter is, of course, the level 1 intercept. For a reference individual 
(i.e. a student with no prior referrals who completed their program) in a reference 
program (i.e. one that is average in saturation), the odds of a referral within six months of 
leaving the program is computed by exp(-3.752) = 0.0235. These odds are significantly 
different from 1. 

The second parameter to be considered estimates the effect of prior saturation on 
subsequent referral. For a reference individual in any program, the odds of referral 
increase by a factor of exp[(0.39)(4.669)] = 6.18 when the program saturation level 
increases across the observed range of 0.39 and is statistically significant. If one is 
interested in this effect for individuals other than reference individuals, each must be 
calculated separately, which could lead to an unwieldy number of computations even for 
models containing relatively few independent variables. And each of these odds ratios 
must be tested for significance.  

The third parameter in the model estimates the effect of completing the program 
on subsequent referral. Recall that completion status was coded so that 1 represents 
failure to complete the program while 0 represents program completion in order to make 
the reference person one who achieves a positive outcome on both dichotomous level 1 
independent variables. Therefore, the odds of referral for youth who did not complete 
their program are exp(-0.183) = 0.833 times the odds of those who did complete their 
program. This effect is somewhat counterintuitive because it indicates that youth who do 
not complete their program are also less likely to have a subsequent referral within 6 
months of leaving the program than are youth who did complete the program. 

The fourth parameter estimates the effect of a prior referral on subsequent referral 
for a participant in a reference program. In such a program, the odds of referral within 6 
months of leaving the program for a youth who already has a prior are exp(2.882) = 17.85 
times higher than they are for a youth who does not already have a prior referral. Again, 
however, in order to estimate this effect for programs other than a reference program, a 
new calculation is required for each value of program saturation that one wishes to test. 

The final parameter in the model estimates an interaction effect between prior 
referral and program saturation. This effect is actually a ratio of odds ratios and can be 
interpreted in two ways. First, as the effect of prior referral (i.e. odds ratio comparing 
youth who have a prior with those who do not), which decreases by a factor of 
exp[(0.39)(-4.701)] = 0.16 when program saturation changes across the observed range. 
Second, as the effect of program saturation  

 

Interpretations Based on Simple Effects  
 
By taking the single equation model and removing each term containing the 

specified independent variable, four simple effects emerge from the present analysis. 
Formally, this process uses the partial derivative and requires calculus. However, in 
models that do not contain exponent terms, this mathematical shortcut is possible. The 
four simple effects (one for each independent variable) on subsequent referral are as 
follows: 

 

221012 )(
1

XXEW γγ +=  
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222022 )(
2

XXEW γγ +=  

101
γ=XE  

2221212021 ),(
2

WWWWEX γγγ ++= . 

Recall that  

X1 = Completion status, 

X2 = Referral prior, 

W1 = Percent of white youth in the program, and 

W2 = Program saturation. 

Because two of the coefficients are not significant ( 01γ  and 21γ ) and though 10γ  

is significant, it is a constant and therefore does not vary as a function of any of the other 
independent variables, the above can be reduced meaningfully to two simple effects. The 
first is the effect of referral prior on the log odds of subsequent referral as a function of 
program saturation. 

222022 )(
2

XXEW γγ +=  

 

Since REFP is dichotomous, there are only two possible expressions of this effect. 

Effect of program saturation when REFP=0 

= 02γ  

Effect of program saturation when REFP=1 

= 2202 γγ +  

The second is the effect of program saturation on the log odds of subsequent referral as a 
function of referral prior. 

222202 )(
2

WWEX γγ +=  

 

Lower post-release referral rates were expected to be associated with both 
program completion and no prior delinquency referrals at level 1. The effect of 
completion status on the log-odds of subsequent referral is a constant, and therefore does 
not depend on the value of any other independent variable. After deleting all 
nonsignificant coefficients, the expression for the effect of program saturation on the log-
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odds of subsequent referral is , REFP2202 γγ + where REFP = 0 and 1.  Substituting 

results, this effect is 4.67-4.70* REFP = 4.67 for REFP = 0 and –0.03 for REFP = 1.  The 
range of program saturation is 0.11 to 0.50, with a corresponding range of 0.39.  
Therefore, the effect of a 0.39 change in program saturation on the odds of REFA = 1 is 
an odds ratio of 6.18 (exp(0.39*4.67)) for REFP = 0 and an odds ratio of 0.99 
(exp(0.39*-0.03)) for REFP = 1.  In other words, the odds of a subsequent referral for a 
youth with no prior referrals is 6.18 times higher in a program with the highest saturation 
than for a youth with no prior referrals in a program with the lowest saturation observed. 
Conversely, the odds of a subsequent delinquency referral for a youth who already has a 
prior referral is about the same regardless of the level of saturation. Given these results, it 
would seem that co-mingling delinquent and non-delinquent populations has potentially 
serious negative consequences for youth who do not have prior referrals, while having 
virtually no effect on youth who do have a prior referral. 

A contextual effect was also expected at level 2 where lower school-level 
percentages of youth with priors would predict lower rates of subsequent delinquency. 
After deleting all nonsignificant coefficients, the expression for the effect of referral prior 

on the log-odds of subsequent referral is , PRIORSAT2220 γγ + where PRIORSAT ranges 

between 0.11 and 0.50 with a mean of 0.21, but is grand mean centered.  Substituting 
results, this effect is 2.88-4.70* PRIORSAT.  REFP is dichotomous.  Since PRIORSAT 
is continuous, a reasonable description of its effects includes the minimum, mean, and 
maximum values observed. Therefore, the effect of REFP on the odds of REFA = 1 is an 
odds ratio of 28.5 (exp(2.88-4.70*-0.10) for PRIORSAT = -0.10, an odds ratio of 17.8 
(exp(2.88)) for PRIORSAT = 0, and an odds ratio of 4.57 (exp(2.88-4.70*0.29) for 
PRIORSAT = 0.29 (recall that grand mean centering transforms the raw metric of the 
independent variable into one that is centered about a mean of 0). This indicates that in a 
program with the lowest amount of saturation, the odds of a youth who already has a 
prior referral being subsequently referred are 28.5 times greater than a youth who did not 
have a prior referral. In a program that is average with regard to its level of saturation, a 
youth who already has a prior referral is 17.8 times as likely to be referred after leaving 
the program as a youth who did not have a prior referral. And finally, in a program with 
the highest level of saturation, a youth who already has a prior referral is 4.57 times as 
likely to be referred after leaving the program as a youth who did not have a prior 
referral. In other words, regardless of saturation level, a youth who already has a prior 
referral is more likely to have a subsequent referral. However, the odds are dramatically 
reduced the more saturated a program becomes, indicating that the effectiveness of 
whatever protective factors may be in place to keep youth who do not have prior referrals 
from becoming delinquent is eroded substantially as the degree of program saturation 
increases. 

A contextual effect was also expected where higher school-level percentages of 
white youth would predict lower rates of subsequent delinquency. However, the simple 
effect is not significant. This is particularly important because it demonstrates that a 
youth’s race is irrelevant with regard to these findings. White or minority, youth with no 
prior referrals are at greater risk of delinquency the more saturated their program is with 
peers who are already in the system. 

Tate (2003) succinctly points out that when a researcher is only interested in the 
effect of a group-level variable on the group outcomes that are reflected in the level-1 
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model, the equations for the level-two slope coefficients are capable of answering 
relevant questions, and the combined equation need not be referenced or considered. 
However, (as is the case here) if the researcher is interested in the effects of the 
independent variables on the individual-level outcome, Tate (2003) describes two 
potential problems that must be considered. First, there is the relative abstractness when 
interpreting an interaction coefficient as one variable’s effect on the effect of another 
variable on the outcome of interest. Second, individual parameters provide estimates of 
effects of one variable at only one value of the other variable, as opposed to 
demonstrating the full range of continuous variation among this relationship. As a 
counter, he offers a description of how to present HGLM results using a detailed 
description of simple effects, as illustrated above. A full and complete review of simple 
effects would include computation of confidence intervals and would require matrix 
algebra and calculus, which are beyond the scope of this paper. Suffice it to say that the 
present analysis represents the merest tip of the iceberg with regard to the complexity and 
usefulness of these innovative procedures at delving deeper into nested, hierarchical 
relationships among data than have historically been possible. 

 

Conclusions 

 

Based on these analyses, it is clear that co-mingling youth who do not have any 
prior referrals with those youth who do dramatically increases their likelihood of 
delinquency. Given the dramatic reduction in prevention funding endured by DJJ as a 
result of the economic fallout and budget shortfall after 9-11-01, this type of analysis is 
useful for effectively targeting the spending of the few remaining prevention dollars 
toward a population that balances both need for services and probability of success with 
regard to outcomes. Policy makers can and should make use of such information when 
deciding which programs to fund. And programs can make use of the information when 
designing interventions and screening applicants, since these prevention programs are, 
with few exceptions, voluntary. That is not to say that programs should turn away every 
youth with a prior referral, but rather that there may be a threshold where diminishing 
returns warrant capping the number of slots available in a given program for youth who 
have already been referred. Or perhaps segregating populations of youth who have prior 
referrals from youth who do not with an eye toward further investigation into what sort of 
treatment modalities yield the best results for each population. 

The Next Step 

One important limitation of this study which bears further investigation is whether 
or not the co-mingling effects observed are a product of actual student-to-student 
interaction, or whether some programmatic philosophy is the culprit. Since all releases 
during a given fiscal year were included in the analysis, some youth may never have 
actually encountered each other due to non-overlapping lengths of stay. Additionally, 
further investigation into other prevention models in Florida, and beyond, is warranted to 
determine the generalizability of these findings. Despite the fact that the formal 
assumptions governing the use and interpretability of multivariate regression (and 
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therefore HLM) do not include causality, the theory which resulted in the hypotheses 
tested presumes a causal relationship. Further research into this area is essential in order 
to determine if this presumption is warranted. In the meantime, the results of these 
analyses may be used to inform the Florida Department of Juvenile Justice and its 
contracted prevention providers about possible effects of co-mingling populations that 
differ with regard to their prior referral histories. 
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APPENDIX A:  

LOGISTIC REGRESSION SPSS OUTPUT RESULTS 

 

 

Logistic Regression 

Case Processing Summary

8514 100.0

0 .0

8514 100.0

0 .0

8514 100.0

Unweighted Cases
a

Included in Analysis

Missing Cases

Total

Selected Cases

Unselected Cases

Total

N Percent

If weight is in effect, see classification table for the total

number of cases.

a. 

 

Dependent Variable Encoding

0

1

Original Value

.00

Yes

Internal Value

 
Block 0: Beginning Block 

Classification Tablea,b

7784 0 100.0

730 0 .0

91.4

Observed

.00

Yes

Offended w/in 6 months

after supervision

Overall Percentage

Step 0

.00 Yes

Offended w/in 6

months after

supervision Percentage

Correct

Predicted

Constant is included in the model.a. 

The cut value is .500b. 

 

Variables in the Equation

-2.367 .039 3738.591 1 .000 .094ConstantStep 0

B S.E. Wald df Sig. Exp(B)
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Variables not in the Equation

93.797 1 .000

.100 1 .752

21.411 1 .000

1347.350 1 .000

41.516 1 .000

35.037 1 .000

82.358 1 .000

1404.166 7 .000

GENDER

LOS

SUSCOMPL

REFP

AGEADMIT

NEWRACE

PROGSAT

Variables

Overall Statistics

Step

0

Score df Sig.

 
Block 1: Method = Enter 

Omnibus Tests of Model Coefficients

1165.431 7 .000

1165.431 7 .000

1165.431 7 .000

Step

Block

Model

Step 1

Chi-square df Sig.

 

Model Summary

3816.485 .128 .289

Step

1

-2 Log

likelihood

Cox & Snell

R Square

Nagelkerke

R Square

 

Classification Tablea

7784 0 100.0

730 0 .0

91.4

Observed

.00

Yes

Offended w/in 6 months

after supervision

Overall Percentage

Step 1

.00 Yes

Offended w/in 6

months after

supervision Percentage

Correct

Predicted

The cut value is .500a. 
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Variables in the Equation

.510 .089 32.618 1 .000 1.664

.000 .000 .173 1 .677 1.000

-.284 .087 10.664 1 .001 .753

2.710 .100 738.592 1 .000 15.028

-.044 .024 3.357 1 .067 .957

-.296 .086 11.785 1 .001 .744

1.038 .524 3.935 1 .047 2.825

-3.212 .384 69.817 1 .000 .040

GENDER

LOS

SUSCOMPL

REFP

AGEADMIT

NEWRACE

PROGSAT

Constant

Step

1
a

B S.E. Wald df Sig. Exp(B)

Variable(s) entered on step 1: GENDER, LOS, SUSCOMPL, REFP, AGEADMIT, NEWRACE,

PROGSAT.

a. 
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APPENDIX B:  

EXPLORATORY LOGISTIC REGRESSION ANALYSES 

 

Participant (level-1) data include dichotomous variables for offenses occurring 
prior to program participation, gender, completion status and race and continuous 
variables capturing age at admission and length of stay. As a first step, logistic regression 
analyses were used to determine which, if any, of these potential level-1 independent 
variables could be excluded from the HGLM analysis due to a lack of contribution to the 
overall predictability of the model, thereby simplifying later analyses by reducing the 
“signal-to-noise ratio” to whatever extent possible.  

As is the case in HGLM and HLM techniques, logistic regression uses maximum 
likelihood estimation in cases where the dependent variable is dichotomous in order to 
determine model coefficients and estimate the probability of a certain event occurring. 
An important distinction between the interpretation of results based on logistic regression 
analyses and those of traditional or ordinary least squares (OLS) is that logistic regression 
calculates changes in the log odds of the dependent variable, while OLS regression 
calculates changes in the dependent variable itself (Garson, 2001). While later HGLM 
analyses investigate the hierarchical, nested relationships among the data, for the time 
being this level of complexity is not considered, and logistic regression is used, at a 
single level, in an effort to determine if the line of inquiry is worth pursuing. 

A logistic regression model, of the form: 

])[exp(1

])[exp(
)(

i

i

i
Xg

Xg
X

+
=π  

is used where )( iXπ  is the probability of a referral within 6 months of release (Y=1) for 

the ith subject, and  is the logit of the ith subject who has a value on a given 

independent variable (X) of X=X

][ iXg

i .  

A logit (which is the natural log of the odds of the dependent occurring or not) in 
the case where there are multiple independent variables being examined, takes the form 
of a multiple regression model in which  

iiiiiiii XXXXXXXg 776655443322110 ββββββββ +++++++=  

where  

  Y  is a subsequent referral within 6 months of leaving the program (yes = 1, no = 0), 

1X is gender (male = 1, female = 0), 

2X  is length of stay (interval), 

3X  is completion status (completed services = 1, did not complete = 0), 
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4X  is referral prior (yes = 1, no = 0), 

5X  is age (interval), 

6X  is race (white = 1, non-white = 0), and 

7X  is program saturation (interval). 

Together, these equations comprise the logistic regression model for the 
probability of a youth being referred within 6 months of release as a function of the 
independent variables of gender, length of stay, completion status, priors, age, race and 
program saturation. 

A test of the overall relationship, as well as the effect of a subset of independent 
variables was conducted using the likelihood ratio test. The test assumes a null 
hypothesis where 

0: 76543210 ======= βββββββH  

And is calculated  

)](ln2[)](ln2[2

fr XLHXLHG −−−=  

which is the difference between two-times the natural log of the likelihood function for 

the intercept model ( ) and two-times times the natural log of the likelihood function 

for the full model ( ). SPSS provides these values as part of its output for logistic 

regression analyses. In this example (n = 8,514 cases),  

rX

fX

G 
2 = 4981.9162 – 3816.485 

                                                       = 1165.4312 

with df = 7 generating a p-value < .0001, indicating that there is a significant overall 
relationship among the independent variables as they relate to the dependent variable. 
However, in logistic regression, there is no “R2-like” index that is universally accepted to 
indicate the overall strength of the relationship, which results in a need to evaluate the 
individual effect of each independent variable separately to determine if its contribution 
to the model is significant (Tate, 1998).  

The individual effects were evaluated for significance for each of the independent 
variables in the model by using the Wald statistic and associated p-value generated by 
SPSS, which is equivalent to the square of the z statistic (Tate, 1998). Appendix A 
contains the SPSS logistic regression output, and reveals that based on a rejection 

criterion of α =.05 this preliminary analysis revealed that the two interval variables 
length of stay and age at admission are not significant.  
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Finally, a confidence interval can be computed for each independent variable 
using the equation  

))(ˆexp()(
jj cSzcCI βαβ ±=Ψ  

for interval independent variables and  

))(ˆexp()(
jj SzCI βαβ ±=Ψ  

for dichotomous independent variables. 
 The following table contains the 95% confidence intervals for each of the 
independent variables contained in the full model. 
 
 

Table 10      

95% Confidence Intervals    

Variable Effect S.E. Estimate Lower Bound Upper Bound 

Gender -0.51 0.089 0.6 0.50 0.71 

Length of stay -0.0001 0.0003 1.000 1.00 1.00 
Completion 
status -0.284 0.87 0.753 0.63 0.89 

Referral prior 2.71 0.10 15.029 12.35 18.28 

Age at entry -0.044 0.024 0.957 0.40 1.00 

Race -0.296 0.086 0.744 0.63 0.88 
Program 
saturation 1.038 0.524 2.824 1.01 7.89 

Constant -2.193      

 

Because the confidence interval is an interval estimate of the odds ratio, a value of 
1.00 indicates no effect and is functionally equivalent to a value of 0 in linear regression 
and mean-difference estimate procedures. Within this model, the confidence intervals for 
both Length-of-Stay and Age-at-admit contain the value of 1. As a result, they were 
excluded from the later HGLM analysis. 

The intent of this research is not to generate a model that necessarily predicts 
individual outcomes accurately, but rather illuminate relationships among the available, 
relevant independent variables, with regard to their impact on outcomes at the program 
level. Because the data under investigation are hierarchically nested, logistic regression 
techniques were supplemented using HGLM techniques. 
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APPENDIX C:  

DESCRIPTIVE STATISTICS OF HGLM LEVEL 1 AND 

LEVEL 2 VARIABLES 

 

GET FILE='A:\HLMlevel1file.sav'. 

Descriptive Statistics

8514 .00 1.00 .4873 .4999

8514 .00 1.00 .2293 .4204

8514

SUSCOMPL

Offended prior to

supervision

Valid N (listwise)

N Minimum Maximum Mean Std. Deviation

 
GET  FILE='A:\HLMlevel2file.sav'. 
 

Descriptive Statistics

31 .35 .87 .6853 .1303

31 .11 .50 .2135 7.439E-02

31

PCTWHITE

PRIORSAT

Valid N (listwise)

N Minimum Maximum Mean Std. Deviation

 
 

PRIORSAT

.50.45.40.35.30.25.20.15.10

12

10

8

6

4

2

0

Std. Dev = .07  

Mean = .21

N = 31.00

PCTWHITE

.88.81.75.69.63.56.50.44.38

8

6

4

2

0

Std. Dev = .13  

Mean = .69

N = 31.00

 
 
Figure 1     Figure 2 
Frequency Histogram for Prior Saturation  Frequency Histogram for Percent White 
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APPENDIX D:  

BERNOULLI HGLM OUTPUT RESULTS 

(UNCONDITIONAL MODEL) 

 
 
 Program:                      HLM 5 Hierarchical Linear and Nonlinear Modeling 
 Authors:                       Stephen Raudenbush, Tony Bryk, & Richard Congdon 
 Publisher:                     Scientific Software International, Inc. (c) 2000 
                                                      techsupport@ssicentral.com 
                                                              www.ssicentral.com 
 ------------------------------------------------------------------------------- 
 Module:      HLM2.EXE (5.01.2045.1) 
 Date:        17 April 2002, Wednesday 
 Time:        12:37:15 
 ------------------------------------------------------------------------------- 
 
  SPECIFICATIONS FOR THIS NONLINEAR HLM2 RUN 
 ------------------------------------------------------------------------------- 
 
  Problem Title: NO TITLE 
 
  The data source for this run  = Thesis.ssm 
  The command file for this run = C:\Documents and Settings\Greg Hand\My 
Documents\Jason HGLM\FullyUnconditional.hlm 
  Output file name              = C:\Documents and Settings\Greg Hand\My 
Documents\Jason HGLM\hlm2.out 
  The maximum number of level-2 units = 31 
  The maximum number of micro iterations = 50 
  Method of estimation: restricted PQL 
  Maximum number of macro iterations = 50 
 
  Distribution at Level-1: Bernoulli 
 
  The outcome variable is     REFA     
 
  The model specified for the fixed effects was: 
 ---------------------------------------------------- 
 
   Level-1                  Level-2 
   Coefficients             Predictors 
 ----------------------   --------------- 
  INTRCPT1, B0      INTRCPT2, G00    
 
 

 The model specified for the covariance components was: 
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 --------------------------------------------------------- 
         Tau dimensions 
               INTRCPT1 
 
 
 Summary of the model specified (in equation format) 
 --------------------------------------------------- 
 
Level-1 Model 
 
 Prob(Y=1|B) = P 
 
 log[P/(1-P)] = B0  
 
Level-2 Model 
 B0 = G00 + U0 
 

Level-1 variance = 1/[P(1-P)] 
 Level-1 OLS regressions 
 ----------------------- 
 
 Level-2 Unit     INTRCPT1     
 ------------------------------------------------------------------------------ 
       FL021      0.12903     
       FL031      0.08671     
       FL034      0.07292     
       FL042      0.07843     
       FL053      0.06173     
       FL062      0.05024     
       FL064      0.03953     
       FL072      0.10959     
       FL115      0.11600     
       FL121      0.12589     
 
 
The average OLS level-1 coefficient for INTRCPT1 =      0.07468 
 
 
 Least Squares Estimates 
 ----------------------- 
 
 sigma_squared =      0.07840 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 ---------------------------------------------------------------------------- 
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                                                                 Standard 
                Fixed Effect         Coefficient   Error          T-ratio       d.f.     P-value 
 ------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
              INTRCPT2, G00       0.085741   0.003035    28.255      8513    0.000 
 ------------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 

 Least-squares estimates of fixed effects 
 (with robust standard errors) 
 ------------------------------------------------------------------------------------------------- 
                                                                       Standard 
                Fixed Effect             Coefficient     Error        T-ratio      d.f.     P-value 
 ------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
             INTRCPT2, G00           0.085741   0.011330     7.567      8513    0.000 
 ------------------------------------------------------------------------------------------------- 
 
 
 The least-squares likelihood value = -1247.126448 
 Deviance =   2494.25290 
 Number of estimated parameters =    1 
 
RESULTS FOR LINEAR MODEL WITH THE IDENTITY LINK FUNCTION 
 
 Sigma_squared =      0.07839 
 
 Tau 
 INTRCPT1,B0      0.00086  
 
 
Tau (as correlations) 
 INTRCPT1,B0  1.000 
 
 ---------------------------------------------------------------- 
  Random level-1 coefficient        Reliability estimate 
 ---------------------------------------------------------------- 
  INTRCPT1, B0                                     0.622 
 ---------------------------------------------------------------- 
 

The value of the likelihood function at iteration 6 = -1.208144E+003 
 
 The outcome variable is     REFA 
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 Estimation of fixed effects: (linear model with identity link function) 
 ---------------------------------------------------------------------------------------------- 
                                                                     Standard                                Approx. 
                Fixed Effect         Coefficient       Error            T-ratio    d.f.     P-value 
 ---------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
             INTRCPT2, G00      0.076003       0.006668      11.397     30        0.000 
 ---------------------------------------------------------------------------------------------- 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION: Unit-
Specific Model 
(macro iteration 6) 
 
 Tau 
 INTRCPT1,B0      0.15995  
 
 
Tau (as correlations) 
 INTRCPT1,B0  1.000 
 
 ---------------------------------------------------------------- 
  Random level-1 coefficient       Reliability estimate 
 ---------------------------------------------------------------- 
  INTRCPT1, B0                                     0.615 
 ---------------------------------------------------------------- 
 

The value of the likelihood function at iteration 2 = -1.199869E+004 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects: (Unit-specific model) 
 ---------------------------------------------------------------------------------------------- 
                                                                     Standard                              Approx. 
                Fixed Effect             Coefficient   Error        T-ratio      d.f.     P-value 
 ---------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
             INTRCPT2, G00          -2.544853   0.091614   -27.778     30    0.000 
 ---------------------------------------------------------------------------------------------- 
 
 
 Final estimation of variance components: 
 ----------------------------------------------------------------------------------------------- 
 Random Effect               Standard      Variance       df    Chi-square  P-value 
                                        Deviation     Component 
 ----------------------------------------------------------------------------------------------- 
 INTRCPT1,       U0        0.39994       0.15995        30     172.97146    0.000 
 ----------------------------------------------------------------------------------------------- 
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A residual file, called resfil.cmd, has been created.  Note, some statistics 
could not be computed and a value of -99 has been entered. These should be 
recoded to 'missing values' before any analyses are performed. 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION:  
Population Average Model 
 
 Tau 
 INTRCPT1,B0      0.15995  
 
 
Tau (as correlations) 
 INTRCPT1,B0  1.000 
 
The value of the likelihood function at iteration 2 = -1.245116E+004 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects: (Population-average model) 
 ---------------------------------------------------------------------------------------------- 
                                                                      Standard                              Approx. 
                 Fixed Effect         Coefficient       Error           T-ratio    d.f.    P-value 
 ---------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
             INTRCPT2, G00      -2.498112        0.090442   -27.621     30      0.000 
 ---------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects 
 (Population-average model with robust standard errors) 
 ---------------------------------------------------------------------------------------------- 
                                                                       Standard                            Approx. 
    Fixed Effect                       Coefficient      Error          T-ratio     d.f.   P-value 
 ---------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
             INTRCPT2, G00       -2.498112       0.091536   -27.291     30      0.000 
 ---------------------------------------------------------------------------------------------- 
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APPENDIX E:  

BERNOULLI HGLM OUTPUT RESULTS (CONDITIONAL 

LEVEL 1 MODEL WITH u’s FOR ALL COEFFICIENTS) 

 
 
Program:                       HLM 5 Hierarchical Linear and Nonlinear Modeling 
 Authors:                       Stephen Raudenbush, Tony Bryk, & Richard Congdon 
 Publisher:                     Scientific Software International, Inc. (c) 2000 
                                                      techsupport@ssicentral.com 
                                                              www.ssicentral.com 
 ------------------------------------------------------------------------------- 
 Module:      HLM2.EXE (5.01.2045.1) 
 Date:        17 April 2002, Wednesday 
 Time:        12:40:42 
 ------------------------------------------------------------------------------- 
 
  SPECIFICATIONS FOR THIS NONLINEAR HLM2 RUN 
 ------------------------------------------------------------------------------- 
 
  Problem Title: NO TITLE 
 
  The data source for this run  = Thesis.ssm 
  The command file for this run = C:\Documents and Settings\Greg Hand\My 
Documents\Jason HGLM\Level1Conditional.hlm 
  Output file name              = C:\Documents and Settings\Greg Hand\My 
Documents\Jason HGLM\hlm2.out 
  The maximum number of level-2 units = 31 
  The maximum number of micro iterations = 50 
  Method of estimation: restricted PQL 
  Maximum number of macro iterations = 50 
 
  Distribution at Level-1: Bernoulli 
 
  The outcome variable is     REFA     
 
  The model specified for the fixed effects was: 
 ---------------------------------------------------------- 
 
        Level-1                                 Level-2 
   Coefficients                             Predictors 
 ----------------------------        --------------------- 
   INTRCPT1, B0                  INTRCPT2, G00    
   SUSCOMPL slope, B1      INTRCPT2, G10    
   REFP slope, B2                  INTRCPT2, G20    
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 The model specified for the covariance components was: 
 --------------------------------------------------------------------- 
         Tau dimensions 
               INTRCPT1 
               SUSCOMPL slope 
               REFP slope 
 
 
 Summary of the model specified (in equation format) 
 --------------------------------------------------------------------- 
 
Level-1 Model 
 
 Prob(Y=1|B) = P 
 
 log[P/(1-P)] = B0 + B1*(SUSCOMPL) + B2*(REFP)  
 
Level-2 Model 
 B0 = G00 + U0 
 B1 = G10 + U1 
 B2 = G20 + U2 
 
Level-1 variance = 1/[P(1-P)] 
Level-1 OLS regressions 
 ----------------------- 
 
 Level-2 Unit     INTRCPT1    SUSCOMPL      REFP   
                                                        slope             slope 
 ------------------------------------------------------------------------------ 
       FL021              0.00000         0.00000         0.50000     
       FL031              0.00652         0.00722         0.31781     
       FL034              0.04049        -0.04405         0.32465     
       FL042              0.03476        -0.03089         0.26166     
       FL053             -0.01826         0.05002         0.26547     
       FL062              0.01672         0.00127         0.17434     
       FL064              0.02102        -0.00454         0.14347     
       FL072              0.05071        -0.02150         0.32954     
       FL115              0.12181        -0.11134         0.13554     
       FL121              0.03368         0.01140         0.29877     
 
 
Note: OLS level-1 coefficients were computed for only 30 of 31 units that had 
      sufficient data for estimation. 
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The average OLS level-1 coefficient for INTRCPT1 =         0.03176 
The average OLS level-1 coefficient for SUSCOMPL =     -0.01852 
The average OLS level-1 coefficient for     REFP =              0.25130 
 
 
 Least Squares Estimates 
 ------------------------------- 
 
 sigma_squared =      0.06590 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 ------------------------------------------------------------------------------------------------ 
                                                                       Standard 
              Fixed Effect                 Coefficient   Error        T-ratio      d.f.     P-value 
 ------------------------------------------------------------------------------------------------ 
 For     INTRCPT1, B0 
             INTRCPT2, G00           0.035047   0.004208     8.329      8511    0.000 
 For     SUSCOMPL slope, B1 
             INTRCPT2, G10          -0.020233   0.005570    -3.633      8511    0.001 
 For     REFP slope, B2 
             INTRCPT2, G20           0.264116   0.006623    39.880      8511    0.000 
 ------------------------------------------------------------------------------------------------ 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 (with robust standard errors) 
 ------------------------------------------------------------------------------------------------ 
                                                                         Standard 
                Fixed Effect                 Coefficient   Error       T-ratio       d.f.     P-value 
 ------------------------------------------------------------------------------------------------ 
 For       INTRCPT1, B0 
               INTRCPT2, G00           0.035047   0.005273     6.647      8511    0.000 
 For      SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.020233   0.006431    -3.146      8511    0.002 
 For      REFP slope, B2 
               INTRCPT2, G20           0.264116   0.016958    15.574      8511    0.000 
 ------------------------------------------------------------------------------------------------ 
 
 
 The least-squares likelihood value = -515.572364 
 Deviance =   1031.14473 
 Number of estimated parameters =    1 
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RESULTS FOR LINEAR MODEL WITH THE IDENTITY LINK FUNCTION 
 
 Sigma_squared =      0.07839 
 
 Tau 
 INTRCPT1,B0         0.00018      -0.00017       0.00006  
 SUSCOMPL,B1     -0.00017       0.00019       0.00026  
 REFP,B2                  0.00006       0.00026       0.00426  
 
 
Tau (as correlations) 
 INTRCPT1,B0      1.000 -0.913  0.074 
 SUSCOMPL,B1   -0.913  1.000  0.289 
 REFP,B2                0.074  0.289  1.000 
 
 ------------------------------------------------------------ 
  Random level-1 coefficient   Reliability estimate 
 ------------------------------------------------------------ 
  INTRCPT1, B0                           0.163 
  SUSCOMPL, B1                        0.108 
  REFP, B2                                    0.583 
 ------------------------------------------------------------ 
 
 
Note: The reliability estimates reported above are based on only 30 of 31 
units that had sufficient data for computation.  Fixed effects and variance 
components are based on all the data. 
 
The value of the likelihood function at iteration 50 = -5.470278E+002 
 
 The outcome variable is     REFA 
 
 Estimation of fixed effects: (linear model with identity link function) 
 ---------------------------------------------------------------------------------------------------- 
                                                                          Standard                              Approx. 
    Fixed Effect                             Coefficient   Error         T-ratio      d.f.     P-value 
 ---------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
               INTRCPT2, G00            0.032782   0.006035     5.432        30       0.000 
 For      SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.015571   0.007320    -2.127        30       0.042 
 For      REFP slope, B2 
               INTRCPT2, G20            0.248990   0.015277    16.298        30      0.000 
 ---------------------------------------------------------------------------------------------------- 
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Note: The chi-square statistics reported above are based on only 30 of 31 
units that had sufficient data for computation.  Fixed effects and variance 
components are based on all the data. 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION: Unit-
Specific Model 
(macro iteration 34) 
 
 Tau 
 INTRCPT1,B0         0.48788      -0.15165      -0.41686  
 SUSCOMPL,B1     -0.15165       0.08168       0.14620  
 REFP,B2                -0.41686       0.14620       0.36608  
 
 
Tau (as correlations) 
 INTRCPT1,B0        1.000 -0.760 -0.986 
 SUSCOMPL,B1    -0.760  1.000  0.845 
 REFP,B2               -0.986  0.845  1.000 
 
 ------------------------------------------------------------ 
  Random level-1 coefficient   Reliability estimate 
 ------------------------------------------------------------ 
  INTRCPT1, B0                          0.489 
  SUSCOMPL, B1                        0.181 
  REFP, B2                                   0.432 
 ------------------------------------------------------------ 
 
 
Note: The reliability estimates reported above are based on only 30 of 31 
units that had sufficient data for computation.  Fixed effects and variance 
components are based on all the data. 
 
The value of the likelihood function at iteration 2 = -1.181969E+004 
 
 The outcome variable is     REFA 
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 Final estimation of fixed effects: (Unit-specific model) 
 ---------------------------------------------------------------------------------------------------- 
                                                                         Standard                               Approx. 
    Fixed Effect                            Coefficient   Error          T-ratio      d.f.     P-value 
 ---------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
                INTRCPT2, G00          -3.743099   0.178508   -20.969      30      0.000 
 For       SUSCOMPL slope, B1 
                INTRCPT2, G10          -0.200165   0.110086    -1.818       30      0.079 
 For       REFP slope, B2 
                INTRCPT2, G20           2.868938   0.162833    17.619       30      0.000 
 ---------------------------------------------------------------------------------------------------- 
 
 
 
 Final estimation of variance components: 
 ------------------------------------------------------------------------------------------------- 
           Random Effect         Standard      Variance     df   Chi-square  P-value 
                                           Deviation     Component 
 ------------------------------------------------------------------------------------------------- 
 INTRCPT1,             U0        0.69848       0.48788    29      83.51774    0.000 
 SUSCOMPL slope, U1        0.28580       0.08168    29      19.60724    >.500 
 REFP slope,             U2        0.60504       0.36608    29      55.48251    0.002 
 ------------------------------------------------------------------------------------------------- 
 
 
Note: The chi-square statistics reported above are based on only 30 of 31 
units that had sufficient data for computation.  Fixed effects and variance 
components are based on all the data. 
 
 
A residual file, called resfil.cmd, has been created.  Note, some statistics 
could not be computed and a value of -99 has been entered. These should be 
recoded to 'missing values' before any analyses are performed. 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION:  
Population Average Model 
 
 Tau 
 INTRCPT1,B0         0.48788      -0.15165      -0.41686  
 SUSCOMPL,B1     -0.15165       0.08168       0.14620  
 REFP,B2                 -0.41686       0.14620       0.36608  
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Tau (as correlations) 
 INTRCPT1,B0       1.000 -0.760 -0.986 
 SUSCOMPL,B1   -0.760  1.000  0.845 
 REFP,B2              -0.986  0.845  1.000 
 
The value of the likelihood function at iteration 2 = -1.093646E+004 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects: (Population-average model) 
 ---------------------------------------------------------------------------------------------------- 
                                                                        Standard                                Approx. 
                 Fixed Effect              Coefficient   Error          T-ratio       d.f.     P-value 
 ---------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
               INTRCPT2, G00          -3.499068   0.160733   -21.769        30      0.000 
 For      SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.254239   0.103771    -2.450         30      0.021 
 For      REFP slope, B2 
               INTRCPT2, G20           2.661400   0.148416    17.932         30      0.000 
 ---------------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects 
 (Population-average model with robust standard errors) 
 ---------------------------------------------------------------------------------------------------- 
                                                                         Standard                              Approx. 
                 Fixed Effect               Coefficient   Error          T-ratio      d.f.     P-value 
 ---------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
               INTRCPT2, G00          -3.499068   0.116933   -29.924       30      0.000 
 For      SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.254239   0.082292    -3.089        30      0.005 
 For      REFP slope, B2 
               INTRCPT2, G20           2.661400   0.110337    24.121        30      0.000 
 ---------------------------------------------------------------------------------------------------- 
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APPENDIX F:  

BERNOULLI HGLM OUTPUT RESULTS (CONDITIONAL 

LEVEL 1 MODEL WITH u FOR INTERCEPT AND REFP 

COEFFICIENTS ONLY) 

 
 
Program:                       HLM 5 Hierarchical Linear and Nonlinear Modeling 
 Authors:                       Stephen Raudenbush, Tony Bryk, & Richard Congdon 
 Publisher:                     Scientific Software International, Inc. (c) 2000 
                                                      techsupport@ssicentral.com 
                                                              www.ssicentral.com 
 ------------------------------------------------------------------------------- 
 Module:      HLM2.EXE (5.01.2045.1) 
 Date:        28 April 2002, Sunday 
 Time:         1:19:23 
 ------------------------------------------------------------------------------- 
 
  SPECIFICATIONS FOR THIS NONLINEAR HLM2 RUN 
 ------------------------------------------------------------------------------- 
 
  Problem Title: NO TITLE 
 
  The data source for this run  = THESIS.SSM 
  The command file for this run = C:\HLM5\level1conditionalnous.hlm 
  Output file name              = C:\HLM5\HLM2.OUT 
  The maximum number of level-2 units = 31 
  The maximum number of micro iterations = 50 
  Method of estimation: restricted PQL 
  Maximum number of macro iterations = 50 
 
  Distribution at Level-1: Bernoulli 
 
  The outcome variable is     REFA     
 
  The model specified for the fixed effects was: 
 ---------------------------------------------------------------- 
 
         Level-1                                 Level-2 
       Coefficients                          Predictors 
 ----------------------   --------------------------------------- 
    INTRCPT1, B0                  INTRCPT2, G00    
#  SUSCOMPL slope, B1      INTRCPT2, G10    
    REFP slope, B2                 INTRCPT2, G20    
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'#' - The residual parameter variance for this level-1 coefficient has been set 
      to zero. 
 
 The model specified for the covariance components was: 
 --------------------------------------------------------- 
         Tau dimensions 
         INTRCPT1 
         REFP slope 
 
 
 Summary of the model specified (in equation format) 
 --------------------------------------------------- 
 
Level-1 Model 
 
 Prob(Y=1|B) = P 
 
 log[P/(1-P)] = B0 + B1*(SUSCOMPL) + B2*(REFP)  
 
Level-2 Model 
 B0 = G00 + U0 
 B1 = G10  
 B2 = G20 + U2 
 
Level-1 variance = 1/[P(1-P)] 
Level-1 OLS regressions 
 ----------------------- 
 
 Level-2 Unit     INTRCPT1        REFP slope   
 ------------------------------------------------------------------------------ 
       FL021      0.00528         0.49978     
       FL031      0.02493         0.31816     
       FL034      0.02553         0.32242     
       FL042      0.02863         0.26317     
       FL053      0.00739         0.28276     
       FL062      0.02837         0.17291     
       FL064      0.02967         0.14289     
       FL072      0.04981         0.32946     
       FL115      0.07409         0.11126     
       FL121      0.03980         0.29946     
 
 
The average OLS level-1 coefficient for INTRCPT1 =      0.03359 
The average OLS level-1 coefficient for     REFP =          0.24753 
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 Least Squares Estimates 
 ----------------------------------- 
 
 sigma_squared =      0.06590 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 ----------------------------------------------------------------------------------------------------------- 
                                                                        Standard 
                 Fixed Effect                Coefficient   Error          T-ratio      d.f.     P-value 
 ----------------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
               INTRCPT2, G00           0.035047   0.004208     8.329      8511    0.000 
 For      SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.020233   0.005570    -3.633      8511    0.001 
 For      REFP slope, B2 
               INTRCPT2, G20           0.264116   0.006623    39.880      8511   0.000 
 ----------------------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 (with robust standard errors) 
 ----------------------------------------------------------------------------------------------------------- 
                                                                       Standard 
    Fixed Effect                             Coefficient   Error          T-ratio       d.f.    P-value 
 ----------------------------------------------------------------------------------------------------------- 
 For       INTRCPT1, B0 
                INTRCPT2, G00           0.035047   0.005273     6.647      8511    0.000 
 For       SUSCOMPL slope, B1 
                INTRCPT2, G10          -0.020233   0.006431    -3.146      8511    0.002 
 For       REFP slope, B2 
                INTRCPT2, G20           0.264116   0.016958    15.574      8511    0.000 
 ----------------------------------------------------------------------------------------------------------- 
 
 
 The least-squares likelihood value = -515.572364 
 Deviance =   1031.14473 
 Number of estimated parameters =    1 
 
RESULTS FOR LINEAR MODEL WITH THE IDENTITY LINK FUNCTION 
 
 Sigma_squared =      0.07839 
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 Tau 
 INTRCPT1,B0      0.00002       0.00028  
 REFP,B2              0.00028       0.00428  
 
 
Tau (as correlations) 
 INTRCPT1,B0     1.000  0.877 
 REFP,B2             0.877  1.000 
 
 ---------------------------------------------------------------- 
  Random level-1 coefficient   Reliability estimate 
 ---------------------------------------------------------------- 
  INTRCPT1, B0                               0.058 
  REFP, B2                                       0.574 
 ---------------------------------------------------------------- 
 
The value of the likelihood function at iteration 50 = -5.473045E+002 
 
 The outcome variable is     REFA 
 
 Estimation of fixed effects: (linear model with identity link function) 
 ----------------------------------------------------------------------------------------------------------- 
                                                                       Standard                             Approx. 
    Fixed Effect                            Coefficient   Error          T-ratio       d.f.   P-value 
 ----------------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00           0.031467   0.004821     6.527        30     0.000 
 For      SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.014201   0.006275    -2.263    8511     0.024 
 For      REFP slope, B2 
               INTRCPT2, G20           0.249610   0.015237    16.382        30     0.000 
 ----------------------------------------------------------------------------------------------------------- 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION: 
Unit-Specific Model 
(macro iteration 12) 
 
 Tau 
 INTRCPT1,B0      0.37899      -0.36114  
 REFP,B2             -0.36114       0.39651  
 
 
Tau (as correlations) 
 INTRCPT1,B0       1.000 -0.932 
 REFP,B2              -0.932  1.000 
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 ------------------------------------------------------------------ 
  Random level-1 coefficient   Reliability estimate 
 ------------------------------------------------------------------ 
  INTRCPT1, B0                                  0.498 
  REFP, B2                                          0.436 
 ------------------------------------------------------------------ 
 
The value of the likelihood function at iteration 2 = -1.181590E+004 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects: (Unit-specific model) 
 ----------------------------------------------------------------------------------------------------------- 
                                                                        Standard                              Approx. 
    Fixed Effect                             Coefficient   Error          T-ratio       d.f.    P-value 
 ----------------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00          -3.754879   0.163941   -22.904        30    0.000 
 For      SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.191432   0.092658    -2.066     8511    0.039 
 For      REFP slope, B2 
               INTRCPT2, G20           2.887796   0.169981    16.989         30    0.000 
 ----------------------------------------------------------------------------------------------------------- 
 
 
 
 Final estimation of variance components: 
 ----------------------------------------------------------------------------------------------------------- 
 Random Effect             Standard      Variance     df     Chi-square    P-value 
                                      Deviation     Component 
 ----------------------------------------------------------------------------------------------------------- 
 INTRCPT1,       U0        0.61562       0.37899      30      87.26259    0.000 
 REFP slope,     U2         0.62969       0.39651      30      61.65513    0.001 
 ----------------------------------------------------------------------------------------------------------- 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION:  
Population Average Model 
 
 Tau 
 INTRCPT1,B0      0.37899      -0.36114  
 REFP,B2             -0.36114       0.39651  
 
 
Tau (as correlations) 
 INTRCPT1,B0       1.000 -0.932 
 REFP,B2              -0.932  1.000 
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The value of the likelihood function at iteration 2 = -1.135328E+004 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects: (Population-average model) 
 ----------------------------------------------------------------------------------------------------------- 
                                                                      Standard                                Approx. 
             Fixed Effect                  Coefficient   Error           T-ratio        d.f.    P-value 
 ----------------------------------------------------------------------------------------------------------- 
 For     INTRCPT1, B0 
              INTRCPT2, G00          -3.603220   0.151864   -23.727        30     0.000 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10          -0.188208   0.088698    -2.122     8511     0.034 
 For     REFP slope, B2 
              INTRCPT2, G20           2.739473   0.158607    17.272        30      0.000 
 ----------------------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects 
 (Population-average model with robust standard errors) 
 ----------------------------------------------------------------------------------------------------------- 
                                                                       Standard                               Approx. 
    Fixed Effect                            Coefficient   Error          T-ratio        d.f.    P-value 
 ----------------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
              INTRCPT2, G00          -3.603220   0.144563   -24.925        30    0.000 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10          -0.188208   0.098553    -1.910     8511    0.056 
 For     REFP slope, B2 
              INTRCPT2, G20           2.739473   0.134692    20.339        30    0.000 
 ----------------------------------------------------------------------------------------------------------- 
 

 

54  



APPENDIX G: 

BERNOULLI HGLM OUTPUT RESULTS (CONDITIONAL 

LEVEL 1 AND 2 MODEL) 

 
 
 
Program:                       HLM 5 Hierarchical Linear and Nonlinear Modeling 
 Authors:                       Stephen Raudenbush, Tony Bryk, & Richard Congdon 
 Publisher:                     Scientific Software International, Inc. (c) 2000 
                                                      techsupport@ssicentral.com 
                                                              www.ssicentral.com 
 ------------------------------------------------------------------------------- 
 Module:      HLM2.EXE (5.01.2045.1) 
 Date:        20 May 2003, Tuesday 
 Time:        21:30:20 
 ------------------------------------------------------------------------------- 
 
  SPECIFICATIONS FOR THIS NONLINEAR HLM2 RUN 
 ------------------------------------------------------------------------------- 
 
  Problem Title: NO TITLE 
 
  The data source for this run  = THESIS.SSM 
  The command file for this run = C:\HLM5\Level2conditional.hlm 
  Output file name              = C:\HLM5\HLM2.OUT 
  The maximum number of level-2 units = 31 
  The maximum number of micro iterations = 50 
  Method of estimation: restricted PQL 
  Maximum number of macro iterations = 50 
 
  Distribution at Level-1: Bernoulli 
 
  The outcome variable is     REFA     
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 The model specified for the fixed effects was: 
 ---------------------------------------------------- 
 
         Level-1                                 Level-2 
      Coefficients                            Predictors 
 -----------------------------     ------------------------ 
    INTRCPT1, B0                  INTRCPT2, G00    
$                                             PCTWHITE, G01    
$                                             PRIORSAT, G02    
#  SUSCOMPL slope, B1      INTRCPT2, G10    
    REFP slope, B2                 INTRCPT2, G20    
$                                            PCTWHITE, G21    
$                                            PRIORSAT, G22    
 
'#' - The residual parameter variance for this level-1 coefficient has been set 
      to zero. 
'$' - This level-2 predictor has been centered around its grand mean. 
 
 The model specified for the covariance components was: 
 --------------------------------------------------------- 
         Tau dimensions 
         INTRCPT1 
         REFP slope 
 
 
 Summary of the model specified (in equation format) 
 --------------------------------------------------- 
 
Level-1 Model 
 
 Prob(Y=1|B) = P 
 
 log[P/(1-P)] = B0 + B1*(SUSCOMPL) + B2*(REFP)  
 
Level-2 Model 
 B0 = G00 + G01*(PCTWHITE) + G02*(PRIORSAT) + U0 
 B1 = G10  
 B2 = G20 + G21*(PCTWHITE) + G22*(PRIORSAT) + U2 
 
Level-1 variance = 1/[P(1-P)] 
Level-1 OLS regressions 
 ----------------------- 
 
 Level-2 Unit     INTRCPT1        REFP slope   
 ------------------------------------------------------------------------------ 
       FL021      0.00389         0.49984     
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       FL031      0.02136         0.31809     
       FL034      0.02218         0.32191     
       FL042      0.02557         0.26392     
       FL053      0.00544         0.28144     
       FL062      0.02548         0.17327     
       FL064      0.02673         0.14309     
       FL072      0.04601         0.32914     
       FL115      0.07130         0.10983     
       FL121      0.03877         0.29935     
 
 
The average OLS level-1 coefficient for INTRCPT1 =      0.03057 
The average OLS level-1 coefficient for     REFP =      0.24755 
 
 
 Least Squares Estimates 
 ----------------------------------- 
 
 sigma_squared =      0.06568 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 ---------------------------------------------------------------------------------------------------- 
                                                                          Standard 
                 Fixed Effect                Coefficient   Error         T-ratio        d.f.    P-value 
 ----------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00             0.031787   0.004417     7.197      8507    0.000 
               PCTWHITE, G01           0.011020   0.024625     0.448      8507    0.654 
               PRIORSAT, G02            0.123673   0.051013     2.424      8507    0.016 
 For     SUSCOMPL slope, B1 
               INTRCPT2, G10           -0.014903   0.005726    -2.603      8507    0.010 
 For     REFP slope, B2 
               INTRCPT2, G20             0.253611   0.007472    33.941      8507    0.000 
               PCTWHITE, G21          -0.227952   0.047974    -4.752      8507    0.000 
               PRIORSAT, G22           -0.178821   0.086566    -2.066      8507    0.039 
 ----------------------------------------------------------------------------------------------------- 
 
  
 
 
 
 
 
The outcome variable is     REFA 
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 Least-squares estimates of fixed effects 
 (with robust standard errors) 
 ----------------------------------------------------------------------------------------------------- 
                                                                           Standard 
                 Fixed Effect                 Coefficient   Error         T-ratio       d.f.    P-value 
 ----------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00             0.031787   0.005772     5.507      8507    0.000 
               PCTWHITE, G01           0.011020   0.022470     0.490      8507    0.623 
               PRIORSAT, G02            0.123673   0.030507     4.054      8507    0.000 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10            -0.014903   0.007430    -2.006      8507    0.045 
 For     REFP slope, B2 
              INTRCPT2, G20             0.253611   0.012915    19.636      8507    0.000 
              PCTWHITE, G21          -0.227952   0.075674    -3.012      8507    0.003 
              PRIORSAT, G22           -0.178821   0.196275    -0.911      8507    0.363 
 ----------------------------------------------------------------------------------------------------- 
 
 
 The least-squares likelihood value = -507.746926 
 Deviance =   1015.49385 
 Number of estimated parameters =    1 
 
RESULTS FOR LINEAR MODEL WITH THE IDENTITY LINK FUNCTION 
 
 Sigma_squared =      0.07839 
 
 Tau 
 INTRCPT1,B0      0.00001       0.00013  
 REFP,B2               0.00013       0.00472  
 
 
Tau (as correlations) 
 INTRCPT1,B0       1.000  0.610 
 REFP,B2                0.610  1.000 
 
 ---------------------------------------------------------------- 
  Random level-1 coefficient   Reliability estimate 
 ---------------------------------------------------------------- 
  INTRCPT1, B0                              0.023 
  REFP, B2                                       0.593 
 ---------------------------------------------------------------- 
 
The value of the likelihood function at iteration 50 = -5.509157E+002 
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 The outcome variable is     REFA 
 
 Estimation of fixed effects: (linear model with identity link function) 
 ----------------------------------------------------------------------------------------------------- 
                                                                        Standard                                Approx. 
                 Fixed Effect              Coefficient   Error          T-ratio       d.f.     P-value 
 ----------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00             0.030238   0.004941       6.120       28    0.000 
               PCTWHITE, G01           0.011220   0.027449       0.409       28    0.685 
               PRIORSAT, G02            0.126143   0.056483       2.233       28    0.034 
 For     SUSCOMPL slope, B1 
               INTRCPT2, G10           -0.011913   0.006402      -1.861   8507    0.062 
 For     REFP slope, B2 
               INTRCPT2, G20             0.249538   0.015845      15.749      28    0.000 
               PCTWHITE, G21          -0.142482   0.123084      -1.158      28    0.257 
               PRIORSAT, G22           -0.060437   0.203437      -0.297      28    0.768 
 ----------------------------------------------------------------------------------------------------- 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION: Unit-
Specific Model 
(macro iteration 31) 
 
 Tau 
 INTRCPT1,B0      0.25826      -0.22867  
 REFP,B2              -0.22867       0.24491  
 
 
Tau (as correlations) 
 INTRCPT1,B0       1.000 -0.909 
 REFP,B2                -0.909  1.000 
 
 ----------------------------------------------------------------- 
  Random level-1 coefficient   Reliability estimate 
 ----------------------------------------------------------------- 
  INTRCPT1, B0                                 0.419 
  REFP, B2                                          0.343 
 ----------------------------------------------------------------- 
 
The value of the likelihood function at iteration 2 = -1.189533E+004 
 
 The outcome variable is     REFA 
 
 
 
 Final estimation of fixed effects: (Unit-specific model) 
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 ----------------------------------------------------------------------------------------------------- 
                                                                      Standard                              Approx. 
               Fixed Effect               Coefficient   Error         T-ratio       d.f.   P-value 
 ----------------------------------------------------------------------------------------------------- 
 For     INTRCPT1, B0 
              INTRCPT2, G00         -3.752663   0.149615   -25.082       28    0.000 
              PCTWHITE, G01         0.027172   1.063093     0.026        28    0.980 
              PRIORSAT, G02          4.690568   1.699939     2.759        28    0.011 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10          -0.187222   0.092711    -2.019   8507    0.043 
 For     REFP slope, B2 
              INTRCPT2, G20             2.877615   0.152681    18.847     28    0.000 
              PCTWHITE, G21          -0.891080   1.127183    -0.791     28    0.436 
              PRIORSAT, G22           -4.860248   1.805050    -2.693     28    0.012 
 ----------------------------------------------------------------------------------------------------- 
 
 
 
 Final estimation of variance components: 
 ------------------------------------------------------------------------------------------------------ 
   Random Effect           Standard      Variance     df    Chi-square  P-value 
                                      Deviation     Component 
 ------------------------------------------------------------------------------------------------------ 
 INTRCPT1,       U0        0.50819       0.25826    28      57.47909    0.001 
 REFP slope,      U2        0.49488       0.24491    28      43.84593    0.029 
 ------------------------------------------------------------------------------------------------------ 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION:  
Population Average Model 
 
 Tau 
 INTRCPT1,B0      0.25826      -0.22867  
 REFP,B2              -0.22867       0.24491  
 
 
Tau (as correlations) 
 INTRCPT1,B0         1.000 -0.909 
 REFP,B2                -0.909  1.000 
 
The value of the likelihood function at iteration 2 = -1.143866E+004 
 
 The outcome variable is     REFA 
 
 
 
 Final estimation of fixed effects: (Population-average model) 
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 ----------------------------------------------------------------------------------------------------- 
                                                                       Standard                                 Approx. 
               Fixed Effect               Coefficient   Error          T-ratio        d.f.     P-value 
 ----------------------------------------------------------------------------------------------------- 
 For     INTRCPT1, B0 
              INTRCPT2, G00         -3.667298   0.140127   -26.171        28       0.000 
              PCTWHITE, G01         0.175467   1.019881      0.172        28       0.865 
              PRIORSAT, G02          4.687162   1.630029      2.876        28       0.008 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10         -0.185419   0.089300    -2.076    8507        0.038 
 For     REFP slope, B2 
              INTRCPT2, G20          2.794090   0.143762    19.436         28       0.000 
              PCTWHITE, G21       -1.039006   1.088961    -0.954         28       0.349 
              PRIORSAT, G22        -4.826040   1.730580    -2.789         28       0.010 
 ----------------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects 
 (Population-average model with robust standard errors) 
 ----------------------------------------------------------------------------------------------------- 
                                                                         Standard             Approx. 
                 Fixed Effect               Coefficient   Error         T-ratio      d.f.     P-value 
 ----------------------------------------------------------------------------------------------------- 
 For     INTRCPT1, B0 
              INTRCPT2, G00          -3.667298   0.127238   -28.822       28     0.000 
              PCTWHITE, G01          0.175467   0.764062      0.230       28     0.820 
              PRIORSAT, G02           4.687162   1.059964     4.422        28     0.000 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10          -0.185419   0.104734    -1.770    8507     0.076 
 For     REFP slope, B2 
              INTRCPT2, G20           2.794090   0.117664    23.746        28     0.000 
              PCTWHITE, G21       -1.039006   0.701274     -1.482        28     0.149 
              PRIORSAT, G22        -4.826040   0.942235     -5.122        28     0.000 
 ----------------------------------------------------------------------------------------------------- 
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APPENDIX H:  

BERNOULLI HGLM OUTPUT RESULTS (FINAL MODEL) 

 

 Program:                       HLM 5 Hierarchical Linear and Nonlinear Modeling 
 Authors:                       Stephen Raudenbush, Tony Bryk, & Richard Congdon 
 Publisher:                     Scientific Software International, Inc. (c) 2000 
                                                      techsupport@ssicentral.com 
                                                              www.ssicentral.com 
 ------------------------------------------------------------------------------- 
 Module:      HLM2.EXE (5.01.2045.1) 
 Date:        24 September 2003, Wednesday 
 Time:         0:52:51 
 ------------------------------------------------------------------------------- 
 
  SPECIFICATIONS FOR THIS NONLINEAR HLM2 RUN 
 ------------------------------------------------------------------------------- 
 
  Problem Title: NO TITLE 
 
  The data source for this run  = THESIS.SSM 
  The command file for this run = C:\HLM5\finalthesis.hlm 
  Output file name              = C:\HLM5\HLM2.OUT 
  The maximum number of level-2 units = 31 
  The maximum number of micro iterations = 50 
  Method of estimation: restricted PQL 
  Maximum number of macro iterations = 50 
 
  Distribution at Level-1: Bernoulli 
 
  The outcome variable is     REFA     
 
  The model specified for the fixed effects was: 
 ---------------------------------------------------- 
         Level-1                                  Level-2 
      Coefficients                            Predictors 
 ------------------------------      --------------------- 
    INTRCPT1, B0                  INTRCPT2, G00    
$                                             PRIORSAT, G01    
#  SUSCOMPL slope, B1      INTRCPT2, G10    
    REFP slope, B2                  INTRCPT2, G20    
$                                             PRIORSAT, G21    
 
'#' - The residual parameter variance for this level-1 coefficient has been set 
      to zero. 
'$' - This level-2 predictor has been centered around its grand mean. 
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 The model specified for the covariance components was: 
 --------------------------------------------------------- 
         Tau dimensions 
         INTRCPT1 
         REFP slope 
 
 
 Summary of the model specified (in equation format) 
 --------------------------------------------------- 
 
Level-1 Model 
 
 Prob(Y=1|B) = P 
 
 log[P/(1-P)] = B0 + B1*(SUSCOMPL) + B2*(REFP)  
 
Level-2 Model 
 B0 = G00 + G01*(PRIORSAT) + U0 
 B1 = G10  
 B2 = G20 + G21*(PRIORSAT) + U2 
 
Level-1 variance = 1/[P(1-P)] 
Level-1 OLS regressions 
 ----------------------- 
 
 Level-2 Unit     INTRCPT1        REFP slope   
 ------------------------------------------------------------------------------ 
       FL021      0.00447         0.49981     
       FL031      0.02286         0.31812     
       FL034      0.02359         0.32213     
       FL042      0.02686         0.26360     
       FL053      0.00626         0.28200     
       FL062      0.02670         0.17312     
       FL064      0.02797         0.14300     
       FL072      0.04762         0.32927     
       FL115      0.07248         0.11043     
       FL121      0.03920         0.29940     
 
 
The average OLS level-1 coefficient for INTRCPT1 =      0.03184 
The average OLS level-1 coefficient for     REFP =           0.24754 
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 Least Squares Estimates 
 ------------------------------ 
 
 sigma_squared =      0.06588 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 ------------------------------------------------------------------------------------------------ 
                                                                        Standard 
                Fixed Effect             Coefficient      Error        T-ratio     d.f.     P-value 
 ------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
              INTRCPT2, G00           0.032580   0.004332     7.521      8509    0.000 
              PRIORSAT, G01          0.110049   0.046509     2.366      8509    0.018 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10          -0.017150   0.005716    -3.000     8509    0.003 
 For     REFP slope, B2 
              INTRCPT2, G20           0.264226   0.007180    36.801     8509    0.000 
              PRIORSAT, G21         -0.086251   0.082575    -1.045     8509    0.297 
 ------------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 
 Least-squares estimates of fixed effects 
 (with robust standard errors) 
 ------------------------------------------------------------------------------------------------- 
                                                                       Standard 
                 Fixed Effect              Coefficient   Error         T-ratio     d.f.     P-value 
 ------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
              INTRCPT2, G00           0.032580   0.005254     6.201      8509    0.000 
              PRIORSAT, G01          0.110049   0.023802     4.623      8509    0.000 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10         -0.017150   0.007358    -2.331      8509    0.020 
 For     REFP slope, B2 
              INTRCPT2, G20          0.264226   0.015975    16.540      8509    0.000 
              PRIORSAT, G21        -0.086251   0.288925    -0.299      8509    0.765 
 ------------------------------------------------------------------------------------------------- 
 
 
 The least-squares likelihood value = -516.629224 
 Deviance =   1033.25845 
 Number of estimated parameters =    1 
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RESULTS FOR LINEAR MODEL WITH THE IDENTITY LINK FUNCTION 
 
 Sigma_squared =      0.07839 
 
 Tau 
 INTRCPT1,B0      0.00001       0.00007  
 REFP,B2               0.00007       0.00512  
 
Tau (as correlations) 
 INTRCPT1,B0      1.000  0.347 
 REFP,B2               0.347  1.000 
 
 ------------------------------------------------------------ 
  Random level-1 coefficient   Reliability estimate 
 ------------------------------------------------------------ 
  INTRCPT1, B0                                0.020 
  REFP, B2                                         0.609 
 ------------------------------------------------------------ 
 
The value of the likelihood function at iteration 50 = -5.477496E+002 
 
 The outcome variable is     REFA 
 
 Estimation of fixed effects: (linear model with identity link function) 
 ------------------------------------------------------------------------------------------------- 
                                                                       Standard                             Approx. 
                Fixed Effect               Coefficient   Error          T-ratio     d.f.   P-value 
 ------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00           0.029770   0.004854     6.133        29    0.000 
               PRIORSAT, G01          0.117508   0.051876     2.265        29    0.031 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10          -0.011735   0.006395    -1.835    8509    0.066 
 For     REFP slope, B2 
              INTRCPT2, G20           0.250092   0.016281    15.361        29    0.000 
              PRIORSAT, G21         -0.044520   0.208490    -0.214        29    0.833 
 ------------------------------------------------------------------------------------------------- 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION: Unit-
Specific Model 
(macro iteration 19) 
 
 Tau 
 INTRCPT1,B0      0.23715      -0.20813  
 REFP,B2             -0.20813        0.23853  
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Tau (as correlations) 
 INTRCPT1,B0     1.000 -0.875 
 REFP,B2            -0.875   1.000 
 
 ------------------------------------------------------------- 
  Random level-1 coefficient   Reliability estimate 
 ------------------------------------------------------------- 
  INTRCPT1, B0                                 0.403 
  REFP, B2                                          0.339 
 ------------------------------------------------------------- 
 
The value of the likelihood function at iteration 2 = -1.189528E+004 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects: (Unit-specific model) 
 ------------------------------------------------------------------------------------------------- 
                                                                       Standard                              Approx. 
               Fixed Effect                Coefficient   Error          T-ratio      d.f.   P-value 
 ------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
              INTRCPT2, G00          -3.752212   0.146626   -25.590        29    0.000 
              PRIORSAT, G01          4.668697   1.657014       2.818        29    0.009 
 For     SUSCOMPL slope, B1 
              INTRCPT2, G10          -0.182850   0.092901    -1.968    8509     0.049 
 For     REFP slope, B2 
              INTRCPT2, G20           2.882196   0.151594    19.013        29     0.000 
              PRIORSAT, G21         -4.701419   1.792232    -2.623        29     0.014 
 ------------------------------------------------------------------------------------------------- 
 
 
 
 Final estimation of variance components: 
 -------------------------------------------------------------------------------------------------- 
    Random Effect           Standard      Variance        df      Chi-square    P-value 
                                       Deviation     Component 
 -------------------------------------------------------------------------------------------------- 
 INTRCPT1,       U0        0.48698         0.23715         29      57.08702     0.002 
 REFP slope, U2             0.48840         0.23853         29      45.73071      0.025 
 -------------------------------------------------------------------------------------------------- 
 
 
 
RESULTS FOR NON-LINEAR MODEL WITH THE LOGIT LINK FUNCTION:  
Population Average Model 
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 Tau 
 INTRCPT1,B0      0.23715      -0.20813  
 REFP,B2             -0.20813        0.23853  
 
Tau (as correlations) 
 INTRCPT1,B0     1.000 -0.875 
 REFP,B2             -0.875  1.000 
 
The value of the likelihood function at iteration 2 = -1.150523E+004 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects: (Population-average model) 
 ------------------------------------------------------------------------------------------------- 
                                                                        Standard                               Approx. 
                 Fixed Effect               Coefficient   Error         T-ratio       d.f.    P-value 
 ------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00          -3.675041   0.137871   -26.656        29    0.000 
               PRIORSAT, G01           4.658427   1.589356      2.931        29    0.007 
 For     SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.181164   0.090084    -2.011    8509    0.044 
 For     REFP slope, B2 
               INTRCPT2, G20           2.808737   0.143345    19.594        29    0.000 
               PRIORSAT, G21        -4.634297   1.718563     -2.697        29    0.012 
 ------------------------------------------------------------------------------------------------- 
 
 The outcome variable is     REFA 
 
 Final estimation of fixed effects 
 (Population-average model with robust standard errors) 
 ------------------------------------------------------------------------------------------------- 
                                                                        Standard                              Approx. 
    Fixed Effect                            Coefficient   Error          T-ratio       d.f.  P-value 
 ------------------------------------------------------------------------------------------------- 
 For      INTRCPT1, B0 
               INTRCPT2, G00          -3.675041   0.128440   -28.613        29    0.000 
               PRIORSAT, G01           4.658427   1.039649      4.481        29    0.000 
 For     SUSCOMPL slope, B1 
               INTRCPT2, G10          -0.181164   0.101384    -1.787    8509    0.073 
 For     REFP slope, B2 
               INTRCPT2, G20           2.808737   0.122291    22.968        29    0.000 
               PRIORSAT, G21        -4.634297   1.129417     -4.103        29    0.000 
 -------------------------------------------------------------------------------------------------- 
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APPENDIX I: RESEARCH PROTOCAL & DJJ IRB 

APPROVAL LETTER 

 

 

Title:  

An exploratory investigation into the effects of co-mingling delinquent and non-
delinquent youth in juvenile justice prevention programs in Florida. 

Investigator:  

Jason Gaitanis, Major Professor: Dr. Richard Tate 

Abstract: 

The outcome variable of interest to most juvenile justice researchers tends to be 
recidivism. Even among prevention programs where the term is not technically 
appropriate, outcomes often focus on recidivism-like measures of subsequent 
delinquency after leaving the program. Within the context of program evaluation, 
recidivism is commonly expressed as a dichotomous variable at the individual level. In 
short, a youth served by the program either was, or was not, referred or adjudicated 
within a specific time period after release from the program. Dichotomous variables 
require special statistical techniques in order to model them as outcomes. In addition, 
when units of analysis reside in a naturally-occurring nested hierarchy (such as is the case 
where students reside within programs), the statistics necessary to model the variety of 
possible explanatory variables and effects become even more sophisticated. As a result, 
important questions regarding the effects of saturation (that is, the percent of youth in a 
program with a history of prior delinquency) remain unanswered. Specifically, this 
research will explore whether co-mingling depresses the success rate that might otherwise 
be observed among non-delinquent youth, as a function of the degree to which the 
program is saturated with youth who have prior delinquency referrals. Because the 
programs under investigation are voluntary prevention programs, answering this question 
is important in terms of determining both whom to serve, and how best to serve them. 

The proposed study will use Logistic Regression and Hierarchical Generalized Linear 
Modeling (HGLM) techniques to investigate the effects of co-mingling youth with no 
prior history of delinquency and youth with an established prior delinquency history in 
the same programs. Archival data from a single contracted prevention provider made up 
of over 50 individual programs will be used. 
 

Specific Aims: 

This study will serve the dual purposes of teaching the reader how to employ and 
interpret the statistical techniques used in addition to investigating the hypothesis 
concerning co-mingling and its effects. 
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Background and Significance: 

Benson and Rasmussen (1990) suggest that at some level, all citizens are victims of 
crime. Whether it be through paying taxes to support the criminal justice system, higher 
insurance premiums, the diversion of funding from schools to police departments, or any 
of a host of other burdens that the taxpaying citizen must shoulder out of responsibility to 
or fear of the criminal element of society. In an effort to take a proactive approach to 
dealing with the problem of juvenile crime, the Department funds a variety of different 
delinquency prevention programs.  

Research conducted by the Florida Legislature’s Juvenile Justice Accountability Board 
(JJAB, 1999) using logistic regression techniques revealed that overall, youth with prior 
delinquency histories enrolled in prevention programs in the state are anywhere from 
two- to seventeen-times more likely to be referred for delinquency within one year of 
release from the program than are their peers who have no prior delinquency histories. 
This finding clearly demonstrates that delinquency prevention programs, at least in 
Florida, are considerably more effective for youth without any prior delinquency history. 
With limited resources at its disposal, the Department seeks to target its voluntary 
prevention programs to the population most at-risk for committing future delinquent acts. 
It is possible that co-mingling in general and saturation specifically play a role in either 
depressing the effectiveness of a program or, perhaps more importantly, diluting the 
population a priori to include youth for whom the program is not likely to be effective. If 
that is the case, effective targeting of limited prevention resources will need to take it into 
account. 

Research Plan: 

Archival data make it possible to access participant-level and program-level information 
on every program funded from either group during Fiscal Year 1998-99 (July 1, 1998 
through June 30, 1999, inclusive). Even so, due to the relatively limited scope of this 
project and the time constraints present, for this analysis data from a single contracted 
provider made up of over 50 individual programs will be used. 

 

Data Collection, Cleaning, Matching and Preparation 

All data necessary for the analyses are stored electronically. Participant data are reported 
by each program to a state headquarters office, and then submitted on an annual basis to 
DJJ, usually in Microsoft Access format. Matches are made between this list of 
participants, and an SPSS file containing an extract of data from the department’s 
Juvenile Justice Information System (JJIS). Using SPSS and probabalistic record linkage 
matching among 7 different variables included in both files (Social Security Number, 
First Name, Last Name, Date of Birth, Race, Gender, Home County) matches, probable 
matches and non-matches are identified. Records matching on all 7, or any 6 of these 
variables are considered a match. Records matching on 5 or 4 variables are considered 
probable matches and examined by hand on a case-by case basis to determine whether the 
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records from both sources actually reference the same individual. Records matching on 3 
or fewer variables are considered non-matches.  

A match indicates that the youth in question has, at some point in his life, been referred 
(which is the juvenile equivalent of an arrest) to the Department. Offense histories for 
youth who match will obtained from a JJIS extract and used to determine whether the 
date for each referral occurred before (Prior), during (ODS), or within 6 months after 
(Recidivism) program participation. Each of these three variables (Prior, ODS and 
Recidivism) will be dichotomously scored based on its presence or absence for each 
youth. SPSS and HLM 5 will be used to prepare, match and ultimately analyze the data. 

Preliminary Analyses - Descriptive Statistics 

A total of five variables will be used in the analyses and eventual construction of the 
HGLM model. These variables include SUSCOMP, REFP, REFA, PRIORSAT and 
PCTWHITE. SUSCOMP identifies whether a youth was determined by the program 

itself, to have successfully completed the program. REFP indicates whether or not the 
youth had a referral prior to entering the program. The reasons for including these 
variables as level-1 predictors of recidivism will be self-evident to those who are well-
versed in delinquency research. Youth who successfully complete a program are often 
considered to have received the full benefit of the program, while youth who fail to 
complete or who drop (or are kicked) out of a program do not (JJAB 1998,1999). To the 
extent that receiving the full benefit is related to subsequent delinquency, failing to 
control for it in the model is likely to obfuscate the relationship between recidivism and 
any other independent variables. Similarly, youth with prior referrals have been shown to 
be anywhere from two- to seventeen-times more likely to be referred than their peers who 
did not have any prior referrals upon entering the program (JJAB, 1998). Both of the 
independent variables to be used at level-1 are dichotomous. 

The level-2 independent variables to be included in the model are both ratio-scale. 
PRIORSAT is a measure of the percentage of youth in the program who have a prior 
delinquency referral. In later discussions this variable will be referred to as program 
saturation, and is the focus of this analysis. Research has clearly demonstrated that the 
likelihood of recidivism increases in the presence of a prior referral at the individual 
level. The inclusion of this variable is intended to determine if this effect manifests itself 
at level-2 as a function of a program’s saturation of youth with prior referrals. 
PCTWHITE is the percentage of youth attending the program who are Caucasian. 
Research conducted by the JJAB and by DJJ indicates that there is a negative-slope, 
linear relationship between restrictiveness-level and the percent of Caucasian youth in a 
program. 

Due to the limited nature of archival data available, the goal of correct specification 
would be untenable. Instead, this analysis serves as both a teaching tool and an 
exploratory first step toward correct specification using the HGLM model presented. 
Therefore, the model has been constrained to two level-1 and two level-2 independent 
variables. This serves to reduce the complexity of the model for illustrative purposes, 
while still affording the reader the opportunity to study a model with a sufficient number 
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of terms for generalizing to the unique circumstance of the data with which they may be 
working. From among those that were available, the variables selected for inclusion in 
the model is driven both by underlying theory as well as the results of the preliminary 
logistic regression analysis presented in appendices A and B. 

Potential Risks: 

Because data to be used are archival, no potential risks to subjects are forseen. All data 
will reside on a secure computer to which only the principal investigator has access. All 
files will be password protected for additional security. In addition, the computer is not 
connected to either the internet or any internal network. All client identifying information 
will be stripped from the data once the matches are made and data will only be reported 
in aggregate, in the results section, by program. Neither the provider nor the individual 
programs comprising it will be mentioned by name anywhere in the text.  

Until recently, the principal investigator was an employee of the Department, and is now 
an employee of Florida State University. Prior to employment with DJJ, the principal 
investigator was SES with the Florida Legislature. 

Potential Benefits: 

While no direct benefits to the participants are expected due in large part to the fact that 
the data are archival, the benefits to the Department could be considerable. With as many 
as 2/3 of first-time offenders never returning to the system after their initial referral the 
Department has long sought to identify the proportion of the remaining 1/3 who pose the 
greatest risk to public safety over the long term. By using the model developed in 
California often referred to as the “8% Solution” the Department seeks to identify and 
serve youth with the greatest likelihood of becoming young, chronic offenders with the 
limited resources at its disposal. By identifying whether or not co-mingling (with its 
magnitude measured using the ratio scale variable of saturation) has a depressing effect 
on the recidivism outcomes of youth who are least likely to be referred in the first place, 
the Department will be in a position to make definitive statements regarding the 
populations it serves. 

In the event that the research shows support for the hypothesis, the Department will be in 
a position to argue that not only is providing prevention services to youth without some 
prior history of delinquency more than likely irrelevant to their future likelihood of 
involvement with the system, but it may actually do more harm than good by exposing 
them, in a concentrated setting to delinquent peers, which may in fact increase their 
probability of being referred.   

In the event that no support is found for the hypothesis, the Department can still report 
that it has explored the issue scientifically using some of the most sophisticated and 
under-used statistical techniques available. And while no direct evidence of co-mingling 
effects may observed among the single provider examined, follow-up research focused on 
the entire continuum of prevention services may very well uncover relationships which 
are masked when only a single contracted provider is reviewed. 
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Pending Departmental approval, the findings of this research may be submitted to the 
peer review academic journals including American Educational Research Journal, 
Criminology or Journal of Research on Crime and Delinquency. 

Potential Financial Risks: 

There are no anticipated financial risks to the participants themselves or to the 
Department. Because the principal investigator worked in the Department’s Bureaus of 
Data and Research and Prevention (OJJDP Unit) he is familiar with the data. Prior to 
employment with the Department, the principal investigator produced the Prevention 
Outcome Evaluation Report for the Juvenile Justice Accountability Board. No 
Department staff time will be used and no assistance will be required beyond providing 
the data itself. 

Potential Financial Benefits: 

There are no anticipated financial benefits to the participants themselves. In the event that 
the research shows support for the hypothesis, the Department will be in a position to 
concentrate funding on those programs who serve the most at-risk population and pursue 
its mission of public safety by offering technical assistance outlining the potential 
harmful effects of co-mingling. In the long run, the benefits to society could be 
substantial. 

In the event that no support is found for the hypothesis, the Department can still report 
that it has explored the issue scientifically, while incurring virtually no costs. And while 
co-mingling may not depress the subsequent referral rates of youth without priors per se, 
it can be argued that by offering program slots to youth who present little to no risk of 
future delinquency in the first place, the de facto result is possible lowered success rates 
among the more at-risk population who might have benefited from but were not served or 
recruited by the program. By examining the various levels of saturation among these 
programs, the Department will be able to take an important step towards identifying 
which of its providers is making a focused, concentrated effort to serve the highest-risk 
population, and can make funding decisions accordingly. 
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STATE OF FLORIDA 

DEPARTMENT OF JUVENILE JUSTICE 

April 4, 2002 
 
 
 
Dear Mr. Gaitanis: 
 
I am pleased to inform you that your proposed study, An application of HGLM techniques for 
investigation into the effects of co-mingling delinquent and non-delinquent youth in juvenile justice 
prevention programs in Florida has been reviewed and approved by the Florida Department of Juvenile 
Justice Institutional Review Board. The members of the IRB found that your study poses minimal risk to 
subjects and has the potential to contribute to the knowledge base regarding juvenile offenders and their 
successful rehabilitation. As a condition of approval, the Department requires compliance with the 
following terms: 
 

� All information obtained from DJJ is confidential. Except as provided in this notice, it may not 
be disclosed to any person, business, government agency or other entity unless the disclosure is 
authorized in writing by DJJ. If DJJ does permit disclosure of such information, the Department 
reserves the discretion to place conditions on such disclosure. 

 
� You may not disclose any information that could reasonably lead to the identification of any 

individual youth. All data resulting from this research project must be published in aggregate 
form. 

 
� Any person working on this research project must agree to be bound by these conditions 

concerning confidentiality of information. 
 

� Any changes or modifications to the approved research design and methodology must be 
authorized by the IRB, and the principal investigator is responsible for securing such 
authorization prior to implementing any changes in the research design. You may contact 
Sherry Jackson at (850) 921-2157 to discuss proposed changes should such a situation arise. 

 
� Any unauthorized deviation from the approved research plan discovered during the project's 

implementation may result in suspension or termination of the research project. 

2737 CENTERVIEW DRIVE TALLAHASSEE, FLORIDA 32399-3100 
JEB BUSH, GOVERNOR                                                        W. G. "BILL" BANKHEAD, SECRETARY 
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� The principal investigator shall submit a copy of the final report to the IRB 60 days prior to any 

release of the findings, and shall not release the findings in any form without the Department's 
prior approval. 

 
 
 
Please contact Sherry Jackson if you have any questions about these conditions or need any further 
assistance. We wish you luck with your study and look forward to reviewing your findings. 
 
Sincerely, 
 
 
 
 
 
Sherry Jackson 
Director, Institutional Review Board 
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